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Improved wildland fire emission inventory methods are needed to support air quality forecasting and guide
the development of air shed management strategies. Air quality forecasting requires dynamic fire emission
estimates that are generated in a timely manner to support real-time operations. In the regulatory and
planning realm, emission inventories are essential for quantitatively assessing the contribution of wildfire to
air pollution. The development of wildland fire emission inventories depends on burned area as a critical
input. This study presents a Moderate Resolution Imaging Spectroradiometer (MODIS) – direct broadcast
(DB) burned area mapping algorithm designed to support air quality forecasting and emission inventory
development. The algorithm combines active fire locations and single satellite scene burn scar detections to
provide a rapid yet robust mapping of burned area. Using the U.S. Forest Service Fire Sciences Laboratory
(FiSL) MODIS-DB receiving station in Missoula, Montana, the algorithm provided daily measurements of
burned area for wildfire events in the western U.S. in 2006 and 2007. We evaluated the algorithm's fire
detection rate and burned area mapping using fire perimeter data and burn scar information derived from
high resolution satellite imagery. The FiSL MODIS-DB system detected 87% of all reference fires N4 km2, and
93% of all reference fires N10 km2. The burned area was highly correlated (R2=0.93) with a high resolution
imagery reference burn scar dataset, but exhibited a large over estimation of burned area (56%). The
reference burn scar dataset was used to calibrate the algorithm response and quantify the uncertainty in the
burned area measurement at the fire incident level. An objective, empirical error based approach was
employed to quantify the uncertainty of our burned area measurement and provide a metric that is
meaningful in context of remotely sensed burned area and emission inventories. The algorithm uncertainty
is ±36% for fires 50 km2 in size, improving to ±31% at a fire size of 100 km2. Fires in this size range account
for a substantial portion of burned area in the western U.S. (77% of burned area is due to fires N50 km2, and
66% results from fires N100 km2). The dominance of these large wildfires in burned area, duration, and
emissions makes these events a significant concern of air quality forecasters and regulators. With daily
coverage at 1-km2 spatial resolution, and a quantified measurement uncertainty, the burned area mapping
algorithm presented in this paper is well suited for the development of wildfire emission inventories.
Furthermore, the algorithm's DB implementation enables time sensitive burned area mapping to support
operational air quality forecasting.

Published by Elsevier Inc.
1. Introduction

Biomass fires emit large amounts of trace gases and particles (Ito &
Penner, 2004;Michel et al., 2005; vanderWerf et al., 2006;Wiedinmyer
et al., 2006) and these emissions significantly influence the chemical
composition of the atmosphere and the earth's climate system
(Langmann et al., 2009; Lapina et al., 2006; Simpson et al., 2006). The
pollutants released by biomass burning include greenhouse gases,
Inc.
photochemically reactive compounds, and fine and coarse particulate
matter (PM). Biomass fire emissions comprise a substantial component
of the total global source of carbon monoxide (40%), carbonaceous
particulate matter (35%), and nitrogen oxides (20%) (Langmann et al.,
2009). Fires influence climate both directly, by emitting greenhouse
gases and aerosols, and indirectly, through secondary effects on
atmospheric chemistry (e.g., ozone (O3) formation) and aerosol and
cloud microphysical properties and processes (Lohmann & Feichter,
2005; Naik et al., 2007). Biomass fire emissions contribute to air
pollution by increasing the atmospheric levels of pollutants that are
detrimental to human health and ecosystems, and degrade visibility.
The air quality impacts occur through the emissionof primarypollutants
(e.g., PM) and the production of secondary pollutants (e.g., O3,
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secondary organic aerosol) when organic compounds and nitrogen
oxides released by fires undergo photochemical processing. Air quality
can be degraded by transport and transformation of fire emissions on
local (Muhle et al., 2007; Phuleria et al., 2005), regional (DeBell et al.,
2004; Sapkota et al., 2005; Spracklen et al., 2007), and continental
(Morris et al., 2006) scales.

In the United States, heightened concern over the detrimental
health impacts of PM and O3 have brought increased attention to fire
emissions. Recently revised National Ambient Air Quality Standards
(NAAQS) for PM2.5 and O3, the Regional Haze Rule (URL: http://www.
epa.gov/visibility/program.html), and proposed rulemaking to regu-
late greenhouse gases have intensified the pressure on both air
regulatory and land management agencies to address the air quality
impact from biomass burning. Improved estimates of wildfire
emissions are needed to support the forecasting and short-term
management of regional air quality and to guide the development of
land and air shed management policy. Both needs require accurate
emission estimates with high temporal (hour to daily) and spatial
resolution (sub-grid scale with respect to air quality models which
have a minimum grid of about 4 km). Air quality forecasting and
mitigation management have the additional requirement that
emission estimates be generated in a timely manner to support
real-time operations. In the regulatory and planning realm, wildfire
emission inventories are needed to quantitatively assess the contri-
bution of wildfire to air pollution. Reliable wildfire emission
inventories are also needed for the development of strategies to
improve or maintain air quality and to guide land management
strategies (e.g. the use of prescribed fire to reduce the occurrence of
catastrophic fire events).

The emission of a compound X from biomass burning during a
given time period depends on burned area, vegetation loading and
condition, fire behavior, and specific emission factors for X (Seiler and
Crutzen, 1980). Burned area is one of the key uncertainties in
estimating biomass burning emissions. Remote sensing from space-
borne platforms is a valuable method for fire detection and the
measurement of burned area. High spatial resolution (30 m) Landsat
TM and ETM+ imagery has been used to successfully measure burned
areas and assess fire effects on vegetation and soil (Cocke et al., 2005;
Epting et al., 2005; Key and Benson, 2006; Miller & Yool, 2002; van
Wagtendonk et al., 2004). The high spatial and spectral resolution
data provided by Landsat is well suited for mapping fire burned area
and fire severity. However, with an observation interval of 16 days
(Global Land Cover Facility, 2004 ; URL: http://glcf.umiacs.umd.edu/
data/landsat/) the data lack the temporal resolution needed for air
quality forecasting activities and the development of emission
inventories.

Data from satellite sensors that provide higher temporal resolution
with moderate to low spatial resolution (500 m to 4 km) such as the
MODerate Resolution Imaging Spectroradiometer (MODIS), SPOT-
VEGETATION, the Advanced Very High Resolution Radiometer
(AVHRR), and the Geostationary Operational Environmental Satellite
(GOES) have been widely used to characterize fire activity and
estimate burned area (Pu et al., 2007; Simon et al., 2004; Tansey et al.,
2004; van der Werf et al., 2006; Wiedinmyer et al., 2006; Zhang &
Kondragunta, 2008). Daily burned area estimates covering the
Contiguous United States (CONUS) have recently been developed
using the GOES (Zhang & Kondragunta, 2008), MODIS (Wiedinmyer
et al., 2006), and AVHRR sensors (Pu et al., 2007). Wiedinmyer
et al. and Zhang and Kondragunta used active fire detections to
estimate burned area, while Pu et al. developed their burned area
product by combining active fire detections with changes in the
surface reflectance.

The MODIS sensor on the polar orbiting Terra and Aqua satellites
has been widely exploited for fire detection and estimation of burned
area. The active fire product (MXD14, which refers to the active fire
product derived from the MODIS instrument onboard either Terra or
Aqua) is the most commonly used MODIS fire product, the details of
which are provided by Giglio et al. (2003).While theMODIS active fire
product has a nominal spatial resolution of 1-km, MODIS can detect
fires as small as 100 m2 under favorable conditions (Giglio et al.,
2003). The common approach for estimating burned area fromMODIS
active fire detections assumes that the burned area is proportional to
the fire pixel count. In some studies the burned area is assumed to be
1 km2 per fire pixel count, scaled by fraction of vegetation cover (e.g.
Wiedinmyer et al., 2006), while others have employed a proportion-
ality constant that varies with vegetation cover and fire-pixel
clustering (Giglio et al., 2006).

While MODIS active fire detections have been successfully
aggregated to produce monthly burned area estimates on a coarse
scale (1° spatial resolution) (Giglio et al., 2006), reliance on the
MXD14 product alone to map daily burned area for air quality
modeling andmanagement is problematic. At mid-latitudes (at 45 °N)
the timing of the Terra and AquaMODIS overpasses results in a closely
spaced (~90 min) midday pair and a nighttime pair with a six hour
separation. This leads to omission errors for small, short-lived fires or
fire activity ignited following the last pass of a pair. More importantly,
the coarse temporal resolution may cause an underestimate of the
burned area for large, rapidly moving fires which may traverse
multiple MODIS pixels between overpasses. Recently implemented
MODIS burned area products derived from changes in the daily
surface reflectance time series address the limitations of the MXD14
product and provides a nominal spatial resolution of 500-m (Roy et
al., 2008). Loboda et al. (2007) combined the MXD14 product with a
differenced Normalized Burn Ratio (dNBR) time series derived from
the MODIS Surface Reflectance 8-day composite (L3 Global 500 m
product, Vermote et al., 2002) to map burned area in the western U.S.
and Central Siberia.

The Missoula Fire Sciences Laboratory (FiSL) has a MODIS direct
broadcast (DB) receiving station in place to demonstrate effective
methods for monitoring biomass burning in near-real-time and
predicting the impact of fire emissions on air quality. In this study
we describe and evaluate a MODIS-DB burned area mapping
algorithm designed to provide rapid-response burned area measure-
ments for air quality forecasting and to support the development of
emission inventories. The algorithm combines active fire locations
(MXD14) and single scene burn scar detections (Li et al., 2004) for
measurement of fire burned areas as part of a rapid-responsewildland
fire emissions system. The MODISMXD14 algorithm is only capable of
detecting fires active during the observation, and very recently
burned areas that have retained significant heat. A burn scar
algorithm enables the detection of burned area, providing information
on fire activity that occurs between MODIS observations. Conceptu-
ally, the algorithm used in this study is similar to that developed by
Fraser et al. (2000), who combined AVHRR active fire detections and
normalized difference vegetation index, as well the method more
recently employed by Loboda et al. (2007). As with Loboda et al.
(2007), in our algorithm burn scar detection from the MODIS surface
reflectance product is combinedwith the MODIS active fire product to
map burned area. However, the algorithms differ substantially in their
implementation. Our algorithm applies a series of spectral threshold
tests to a single MODIS scene to identify burn scars, while Loboda et al.
(2007) apply thresholds to the dNBR calculated from the 8-day
composite containing the potential burn scar and the same composite
period from one year prior.

The combination of active fire detection and a single scene burn
scar detection algorithm is the key to producing a rapid, yet robust
burned area measurement. The algorithm presented here was
designed to provide daily observations of burned area for large
(N4 km2) wildfires in the western U.S., with a 1-km spatial resolution.
This MODIS-DB burned area mapping algorithm was developed to
produce emission estimates in support of operational air quality
forecasting activities.

http://www.epa.gov/visibility/program.html
http://www.epa.gov/visibility/program.html
http://glcf.umiacs.umd.edu/data/landsat/
http://glcf.umiacs.umd.edu/data/landsat/
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2. Data

2.1. MODIS active fire and burn scar detections

Direct broadcast MODIS data was collected via the receiving
station operated by the Missoula Fire Sciences Laboratory (46.93 °N,
114.10 °W). The MODIS-DB dataset used for the burned area product
in this study is unique to the location, configuration, and operation of
the Missoula Fire Sciences Laboratory's receiving station. The MODIS-
DB dataset includes data from both the Terra and Aqua satellites.
However, because our MODIS-DB receiving station is single antenna
(4.1 m), only one satellite broadcast may be received at a time. During
periods when broadcasts from both Terra and Aqua could be received,
the operation mode of the single antenna receiving station gave
preference to overpasses affording the best coverage of the western
U.S. The receiving station provided a Level-1B data set (geolocated,
radiometrically calibrated) for each MODIS overpass received. The
Level-1B data was processed using the standard MXD14 algorithm
(Giglio et al., 2003) rendering the MODIS fire and thermal anomaly
products. A single scene burn scar detection algorithm, described in
Section 3.1, was applied to the Level-1B data to identify potentially
burned pixels. With the exception of occasional hardware or software
issues, the DB system was operated continuously during the study
period (1 January 2006–31 December 2007). Our DB system ex-
perienced 18 days of downtime each year. Fire events in the reference
datasets that were active primarily during our DB system's offline
periods were excluded from the evaluation (Section 3.2). Ten fire
events were excluded in 2006 and 27 fire events were excluded in
2007.

2.2. Incident data

Fire data collected by federal and state agencies was used to
characterize recent fire occurrence (frequency, size, location, cover
type), provide ‘ground-truth’ for our MODIS-DB burned area maps,
and furnish records of total burned area for large geographic regions.
For many large fire events, fire perimeter polygons are periodically
mapped by incident management teams. These incident perimeter
polygons are produced to support fire management activities, not
map the area burned, and are therefore less than ideal as a reference
dataset. Incident perimeters are deficient in meeting air quality
emission inventory requirements in several ways: 1) perimeters are
not produced on a regular basis or at a standard time, and they are not
available for many fire events; 2) their purpose is identifying the fire
perimeter, not mapping the area burned, and the area within a
perimeter typically includes unburned regions, the average fraction of
unburned to low severity burned area within incident fire perimeters
was found to be 28% when compared to high resolution remote
sensing observations (Schwind, 2008); 3) perimeters are measured
using different methodologies (e.g. infrared or visual aerial survey,
ground based global positioning system); 4) perimeters are not
usually available in a timeframe that can support air quality
forecasting activities and 5) perimeters are not collected at a central
location in a timely manner. Incident perimeters typically provide a
boundary that encompasses the true extent of burning. On occasion
the incident management teammay demobilize prior to the complete
end of burning. In such a case, the ‘final’ incident perimeter may not
completely encompass the area of fire activity. Further discussion
regarding the use of incident perimeters as ‘ground-truth’ are
provided by Key (2006).

For evaluation of our MODIS-DB burned area mapping algorithm,
we obtained incident perimeters collected and maintained by the
USGS Rocky Mountain Geographic Science Center (RMGSC) and made
available through GeoMAC (URL: http://rmgsc.cr.usgs.gov/outgoing/
GeoMAC/). 966 incident perimeters from 2006 and 2007 were used in
this study. A subset of 370 large fire (N4 km2) incident perimeter
polygonswere used as a reference dataset (hereafter referred to as the
‘Incident Perimeter (IP) reference dataset’) to calibrate and evaluate
our MODIS-DB burned area mapping algorithm. The entire collection
of 966 incident perimeters was used to evaluate the MODIS active
fire detection algorithm applied to the data received by the FiSL DB
station.

Point datasets containing daily information on fire location and
size from Incident Management Situation Reports (IMSR or ‘SIT
reports’) were obtained from the database maintained by National
Interagency Fire Center (NIFC) in Boise, Idaho (National Fire and
Aviation Management, 2008). Tabulations of annual burned area by
state were acquired from the National Interagency Coordination
Center (NICC, 2008). While the NICC dataset contains only summary
statistics, it covers both wildfire and prescribed fire activity.

2.3. High resolution imagery products

Burned Area Reflectance Classification (BARC) maps for 142 fires
in 2006 and 2007 were obtained from U. S. Forest Service, Remote
Sensing Applications Center in Salt Lake City, Utah (URL: www.fs.fed.
us/eng/rsac/baer , Clark & Bobbe, 2004). BARC maps are satellite-
derived (usually Landsat TM) maps with pixels classified according to
post-fire vegetation condition. Classification is based on the
differenced Normalized Burn Ratio (dNBR), a sensitive method for
identifying burned areas with high resolution imagery (Key, 2006;
Key & Benson, 1999, 2006; Lentile et al., 2006). The four category
BARC burn severity classifications are: unchanged/very low severity
(class 1), low severity (class 2), moderate severity (class 3), and high
severity (class 4). The classifications are based on dNBR thresholds
chosen by an RSAC remote sensing analyst. Limited field validation of
BARC maps gave these products an accuracy of 75% in identifying
unburned areas (Bobbe et al., 2003). In this study, the BARC data is
used to delineate unburned regions inside the incident perimeters
(Section 2.2). All regionswith BARC class N1were classified as burned,
providing a burn scar mask for each fire event. For the 2006 and 2007
BARC data used in this study, the typical threshold for BARC=1 was
dNBRb100. For a pixel with BARC=1, ‘unchanged or very low
severity burn’, the area after the fire was indistinguishable from pre-
fire conditions.

BARC maps are a remote sensing product and do not provide an
actual ‘ground truth’. A few deficiencies of the BARC dataset must be
emphasized here: 1) BARC maps are constructed at the request of
Burned Area Emergency Rehabilitation Teams, they are not done for
all fires, and the majority are forest fires; 2) BARC post-fire image
acquisitions often occur before a fire is completely finished burning;
3) remote sensing methods often have limited detection for low
intensity surface fires that occur under a closed, unaffected, or living
canopy. Details and discussion of the BARCmapping and limitations of
the imagery used in producing BARC maps are provided by Bobbe
et al. (2003), Key (2006) and Safford et al. (2008).

2.4. Land cover–land use data

We used the University of Maryland modification of the Interna-
tional Geosphere-Biosphere Program (IGBP) land cover type classifi-
cation scheme from the 1-km MODIS Level 3 Land Cover Product
dataset (MOD12Q1 v4, URL: http://www-modis.bu.edu/landcover/
userguidelc/index.html, Hansen et al., 2000) to characterize observed
fire patterns by ecosystem type and evaluate land cover as a factor in
the performance of our burned area algorithm. The Global Land Cover
Characteristics (GLCC) dataset (Brown et al., 1999) USGS land cover/
land use scheme was used in the burned area algorithm to filter out
agricultural areas (Section 3). The fire detection and burned area
products presented in this study were produced in ‘real-time’ from
MODIS-DB data received by the FiSL station. During the study period,
the burned area mapping algorithm employed the GLCC dataset. The

http://rmgsc.cr.usgs.gov/outgoing/GeoMAC/
http://rmgsc.cr.usgs.gov/outgoing/GeoMAC/
http://www.fs.fed.us/eng/rsac/baer
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http://www-modis.bu.edu/landcover/userguidelc/index.html
http://www-modis.bu.edu/landcover/userguidelc/index.html
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algorithm has since been changed to use the more recent and more
widely usedMOD12Q1. For our evaluationwe chose to useMOD12Q1.

3. Method

3.1. MODIS-DB burned area algorithm

3.1.1. Active fire detection
The FiSL MODIS-DB receiving station provided a Level-1B data set

for each MODIS overpass received (Section 2.1). The Level-1B data
was processed using the standard MXD14 algorithm (Giglio et al.,
2003) providing the MODIS active fire detections. The active fire
detections were filtered using an agricultural mask derived from the
GLCC (Section 2.4) to eliminate burning associated with agriculture.

3.1.2. Burn scar algorithm
The burn scar algorithm used in this study is a modified imple-

mentationof thatdescribedpreviously in Li et al. (2004). Herewebriefly
summarize the algorithm and describe our modifications. The method
of burn scar detection is presented in Eqs. (1a)–(1e). This method
consists of a series of threshold tests, culminating in a ratio of top of the
atmosphere (TOA) apparent reflectance (ρ⁎) in the1.24µmand2.13 µm
bands. In addition to the threshold tests of Eqs. (1a)–(1e), the land/
water mask available in the MODIS Geolocation (MOD03) product is
used to eliminate pixels containing water. In the final form of the
algorithm, all pixels notfiltered by thewatermask andwhich satisfy the
conditions Eqs. (1a)–(1e) are tentatively identified as burn scarred,
pending contextual filtering.

0:05 b ρ1:24μm
T b 0:2 ð1aÞ

ρ0:86μm
T b 0:18 ð1bÞ

ρ2:13μm
T N 0:05 ð1cÞ

0:10 b ρ1:64μm
T b 1:0 ð1dÞ

0 V
ρ1:24μm
T − 0:05

ρ2:13μm
T b Rth ð1eÞ

In all equations ρ⁎λ represents the apparent reflectance (TOA) in
the band of center wavelength λ. All of the bands utilized in the
algorithm have a spatial resolution of 500 m. Eqs. (1a)–(1d) reduce
false alarms associated with cloud shadows. The quantity Rth in
Eq. (1e) controls the threshold which determines whether a pixel is
considered burned. Li et al. (2004) recommends a threshold value
between 0.8 and 1.0. Higher values of Rth result in more false alarms,
while lower values reduce the algorithm’s ability to penetrate smoke.
We employed a threshold of Rth=0.8, to minimize false detections.
The thresholds in Eqs. (1a)–(1d) are the same as Li et al. (2004) with
the exception of the 1.64 µm band lower threshold which was
increased from 0.05 to 0.10 to minimize false detections.

Although the classification scheme effectively identifies burned
pixels, operational use of the algorithm produced a large number of
false detections. The false detection rate was reduced by implement-
ing a contextual filter. Burn scar detections are eliminated if they are
not proximate to a recent fire detection (based on the MXD14
algorithm). To be retained, burn scars must be within 5 km of any fire
detection from the preceding 10 days. Pixels classified as burned by
the Li et al. (2004) algorithmwhich do not satisfy this criterion are re-
classified as unburned. The purpose of the algorithm is mapping
wildfire burned area; therefore, burn scar detections are further
filtered using an agricultural land mask (Section 2.4) to eliminate
burning associated with agriculture.
The criterion balances the desire to restrict burn scar detections to
recently burned areas against the need to consider detection limits
related to smoke obstruction and rapid fire progression between
observations. The daytime MODIS overpasses (which provide the
surface reflectance observations) have a separation of ~90 min (at
45 °N), with last occurring in mid-afternoon. An active fire front may
progress considerably in the 20+ hours between the mid-afternoon
pass and the first pass of the next day, particularly in the late
afternoon and early evening hours. The 5 km distance test allows for
significant propagation of an active fire front between MODIS
observations. Additionally, thick smoke may prevent burn scar
detection for a period of time after the area is burned.

3.1.3. Fire event buffers and burned area
Active fire and single scene burn scar detections were combined to

measure spatially resolved fire growth. The process by which fire and
burn scar detectionswere transformed from a collection of dissociated
points of regional scale to a set of “fire events” is illustrated in Fig. 1.
While the collection of all fire events retains a regional scale, each
individual fire event has a local extent. Fire events are produced
exclusively from the MODIS-DB data, without reference to external
reporting sources.

Fire event buffer generation is an iterative process. As shown in
Fig. 1, “Current Fire Events”, which are produced by the recent MODIS
observation, are informed by previous runs of the fire event buffer
generation algorithm on preceding MODIS observations (“Active Fire
Events”). In the first step, “Growth and Seeding”, current fire detections
are added to existing fire events if they are within 5 km of an event. Fire
detections which cannot be associated with an existing fire event are
considered new, and a new “event” is created. The second step, “Growth
by Proximity”, adds burn scar detections (which have been filtered by
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the process described in Section 3.1.2) to the nearest fire event that is
within 5 km. Burn scar detections that are notwithin 5 kmof a fire event
are flagged as false detections and do not contribute to fire event buffer
generation and burned area mapping. New fire events are never
produced by a burn scar detection.

After fire events have accumulated new detections, a new fire
event buffer is constructed by the process of “buffering”. Each
detection is buffered with a circle of an appropriate diameter
(500 m for burn scars, 1 km for active fire detections) about its
center point. Using the new fire event buffer, the final step is to check
whether two or more fire events have physically merged or have
become close enough to be treated as a single event. When two fire
events that are not in physical contact are ‘merged’, no additionally
burned area is created. Rather the two separate polygons are
combined into a single multi-part polygon. Fire events are considered
to have merged into a single fire event if their fire event buffers are
less than 5 km apart at the point of nearest approach. These fire event
buffers grow with the addition of detections, merge together when
appropriate, and become ‘inactive’ after 10 days without any active
fire detections.

A daily burned area grid product was created by projecting the fire
event buffers onto a 1-km×1-km CONUS grid. The selection criterion
for identifying burned grid cells was to select cells whose center point
fell within any of the fire event buffers. With each MODIS overpass
received, the updated fire event buffers were placed on the 1-km
CONUS grid. At 12 GMT (06 MDT) the burned area grid for all of the
MODIS overpasses processed in the preceding 24 h are compared
against a cumulative burned area grid which tracks the cumulative
burned area for 90 days. Comparison against the cumulative burned
area grid identifies the areas newly burned in the preceding 24 h,
providing the burned area growth for that day. The MODIS-DB burned
area grid product for 2006 and 2007 is available at URL: b http://www.
smoke-fire.us/misc/modba N.

3.2. Evaluation

3.2.1. Fire detection
Performance of our MODIS-DB burned area algorithm in detecting

fire occurrence was validated using the final incident perimeters of
966 fire events from 2006 and 2007 (Section 2.2). The MODIS-DB
detection rate was evaluated according to fire size and land cover,
using the University of Maryland modification of the International
Geosphere-Biosphere Program (IGBP) land cover type classification
scheme (Hansen et al., 2000) of theMODIS Level 3 Land Cover Product
(Section 2.4). A fire event was considered detected if the incident fire
perimeter polygon was within 1 km of any MODIS-DB fire event
buffer. Evaluation of the fire detection rate by land cover type used the
UMD cover type scheme aggregated to 6 cover types (forest, savanna,
shrub, grassland, crop, and barren). The MODIS Land Cover Product
was converted to polygons and intersected with the incident
polygons. The dominant cover type by area for each fire event was
taken as that event's cover type for the analysis.

3.2.2. Burned area measurement
The ability of ourMODIS-DB algorithm tomeasure fire burned area

was evaluated using two ‘ground truth’ datasets: the IP reference
dataset (Section 2.2) and the BARC reference dataset (Section 2.3).
With the exception of select fire events that have been studied with
comprehensive post-fire ground measurements, there is no genuine
‘ground truth’ for evaluating remote sensing burned area products. A
primary goal of our study was to quantify the uncertainty of our
MODIS-DB burned area product at the fire event level. Achieving this
goal requires a large number of reference fire events. The need for a
large reference dataset leaves us with essentially two options for
reference datasets which serve as a proxy for ‘ground truth’. These are
incident perimeters and remote sensing imagery. We chose to
combine incident perimeters (from our IP reference dataset) with
remote sensing to produce our primary reference dataset, our “BARC
reference dataset”.

For the reasons discussed in Section 2.2, and reemphasized below,
incident perimeters generally provide a boundary for the true extent
of burning. As a boundary for the true extent of burning, incident
perimeters typically encompass areas not burned and thus in general
are an overestimate of the true burned area. We have attempted to
correct for the unburned areas within the incident perimeters using
remotely sensed imagery — the BARC data. By using the BARC data to
delineate unburned areas within the incident perimeters, we have
assembled a reference dataset (our “BARC reference dataset”) that we
believe is well suited for our purposes. The number of observations
and breadth of coverage (fire size and cover type) of the BARC
reference dataset has allowed us to characterize the uncertainty of our
MODIS-DB burned area product in the western U.S. (Section 4.3). We
also evaluated our MODIS-DB burned area product against the
incident perimeter data alone (our “IP reference dataset”) and have
included these results. Often times, when high resolution remote
sensing data are used as a reference dataset for assessing moderate
resolution remote sensing burned area methods, the presentation
implies the high resolution data is a ‘genuine ground truth’. All remote
sensed burned area products have substantial potential for error. We
believe including both evaluations illustrates the uncertainty in ‘true’
burned area.

The BARC reference dataset was assembled by combining the burn
scar masks derived from BARC images (Section 2.3) and final incident
fire polygons from the IP reference dataset (Section 2.2) for 142
events. Final incident fire polygons were used to extract the fire
perimeter area from each BARC image. Next, regions within the fire
perimeter indicated as unburned by the BARC burn scar mask were
removed, providing the final burned area polygons, i.e. the BARC
reference dataset. As discussed above and in Section 2.2, a sizeable
fraction of the area inside incident perimeters is typically unburned or
only lightly burned. In the BARC dataset used for validation, 31%
(±15%) (µ±1σ) of the incident perimeter area had dNBR values
deemed consistent with an unburned to very low burn severity
surface. This fraction is in agreement with the 28% ‘unburned to low
burn severity' reported in the comprehensive Monitoring Trends in
Burn Severity (MTBS) study (Schwind, 2008), which examined over
100,000 km2 of burned area from 3050 fires which occurred in the
western U.S. between 1984 and 2005. The collection of MODIS-DB
burned area grid cells compared against each large fire polygon (from
the IP or BARC reference dataset) were selected by visual inspection.
MODIS-DB burned area grid cells that predated the reported incident
start date bymore than two days were excluded from the comparison.
The incident start date was obtained from the NIFC IMSR database.

4. Results

4.1. MODIS-DB burned area algorithm

Examples of the algorithm applied to reference fires is provided in
Figs. 2–4. The Chippy Creek Fire (Fig. 2) and Shower Bath Complex Fire
(Fig. 3) occurred in Douglas-fir/lodgepole pine forests in the Northern
Rocky Mountains in the summer of 2007. The Black Pine 2 Fire (Fig. 4)
burned sagebrush shrublands and grasslands in the Eastern Great
Basin (SE Idaho). Figs. 2–4 show buffered active fire and burn scar
detections, and the resultant fire event buffers and burned area grid
product overlaid on the BARC reference dataset. For the Chippy Creek
Fire, the MODIS-DB gridded burned area (Fig. 2d) is 396 km2 vs.
276 km2 for the validation burn scar, a ratio (0.70) comparable to the
mean bias determined for the entire dataset (0.64, Section 4.3).
Interestingly, the burned area based on the buffered MODIS-DB
burn scar detections alone (285 km2) roughly equals the validation
burned area with some help from offsetting errors of omission and

http://www.smoke-fire.us/misc/modba
http://www.smoke-fire.us/misc/modba


Fig. 2. MODIS-DB fire products overlaid on the high resolution validation dataset for the Chippy Creek Fire (July 31–September 9, 2007, 47.81 °N, 115.00 °W, Sanders County,
Montana): a) buffered burn detections; b) buffered active fire detections; c) fire perimeter from combined burn scars and buffered active fire detections; d) burned area grid product.
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commission. The Shower Bath Complex (Fig. 3) is one of the more
dramatic cases of the algorithm overestimating the burned area and
exemplifies a weakness in the algorithm. The burned area grid
product (611 km2) for this fire event is more than double the burned
area of the BARC validation burn scar (286 km2), largely as a result of
false burn scar detections on the periphery of the fire perimeter. For
the case of the Black Pine 2 Fire, the burned area grid product closely
matches the reference data in both total burned area (MODIS-
DB=284 km2 vs. 259 km2 BARC data) and spatial distribution (Fig. 4).

4.2. Detection–evaluation

The performance of the FiSL MODIS-DB burned area algorithm in
detecting fire occurrence was validated using the IP reference dataset
of 966 fires from 2006 and 2007 (Section 3.2.1). Our algorithm
requires a MODIS active fire detection, based on the MXD14
algorithm, to initiate a fire event (Section 3.1.3). Therefore, the fire
detection rate of our algorithm is, in fact, the MODIS active fire
detection rate for the FiSL DB system. The detection rate is presented
in Fig. 5, categorized by fire size and land cover type. The ‘total’
category in Fig. 5 includes the results for 55 savanna fires which were
not plotted separately. All but 7 of the fires classified as savanna fires
were located in California. The overall detection rate is 87% for fires
larger than 4 km2 and 93% for fires larger than 10 km2. The detection
rate was 100%, 75%, and 70% for conifer forest, grassland, and
shrubland fires exceeding 2 km2. Regardless of fire size, the MODIS-
DB active fire detection algorithm is most effective at detecting forest
fires.

4.3. Burned area–evaluation

The performance of our algorithmwas evaluated assuming a linear
relationship with between the MODIS-DB burned area measurement
and the ‘true’ burned area (Section 3.2.2):

A = a0 + a1 × MOD ð2Þ



Fig. 3.MODIS-DB fire products overlaid on the high resolution validation dataset for the Shower Bath Complex Fire (July 15–September 30, 2007, 44.73 °N, 114.68 °W, Lemhi County,
Idaho): a) buffered burn detections; b) buffered active fire detections; c) fire perimeter from combined burn scars and buffered active fire detections; d) burned area grid product.
The ‘X’ marks a feature of interest discussed in Section 5.2.1.
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where A is the ‘true’ fire event burned area, MOD is the MODIS-DB
gridded burned area (3.1.3) associated with each fire event A, and a0
and a1 are regression coefficients. Eq. (2) provides the calibration for
our MODIS-DB burned area measurement. We evaluated Eq. (2) using
each reference burned area dataset (IP, Section 2.2 and BARC, 2.3, 4.1)
as a surrogate for A, the ‘true’ burned area. TheMODIS-DB burned area
is plotted versus the BARC reference burned area in Fig. 6a, with a
close-up of the lower size range provided in Fig. 6b. Fig. 6a and b
includes a median linear regression best-fit line to Eq. (2), as well
the 90% prediction interval (see below). In an effort to ensure our
analysis was not unduly influenced by outliers, we evaluated Eq. (2)
using both median regression (MR) and ordinary least-squares (OLS)
regression. Median regression (quantile regression with q=0.50) is
generally less sensitive than OLS to outliers and extreme data points
(Koenker, 2005; Wilcox, 2005). Comparison of the fire event burned
areas from the MODIS-DB and IP reference datasets is shown in Fig. 7.
The calibration results associated with Figs. 6 and 7 are listed in
Table 1. The optimized coefficients (Table 1) were determined by
combining median regression with a bootstrap sampling approach
(Efron & Tibshirani, 1993). Two important features of Figs. 6 and 7
should be noted. The scatter about the MR best-fit line increases with
fire size and there is an apparent regime change in the data around a
fire size of 40 km2. This variability of the errors across observations,
called heteroscedasticity, violates a key assumption of OLS analysis —
constant variance in the error term. The impact of this feature is
discussed below. An important characteristic of the dataset not
obvious from Figs. 6 and 7, is that the residuals of the fit to Eq. (2) are
not normally distributed.

The IP reference dataset is comprised of polygons that identify the
boundary of the area impacted by fire, and thus, this dataset provides
an upper limit for the ‘true’ burned area. Using BARC maps to identify
unburned regions within the incident perimeters should provide a
more accurate representation of the ‘true’ burned area (see Sections
2.2 and 2.3). We have therefore, chosen the BARC reference dataset as



Fig. 4. MODIS-DB fire products overlaid on the high resolution validation dataset for the Black Pine 2 Fire (July 6–September 6, 2007, 42.18 °N, 1135.24 °W, Cassia County, Idaho):
a) buffered burn scar detections; b) buffered active fire detections; c) fire perimeter from combined burn scars and buffered active fire detections; d) burned area grid product.

Fig. 5. FiSL MODIS-DB fire detection rate for 966 wildfires in the western U.S. during
2006 and 2007.
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the ‘ground truth’ burned area for calibration and evaluation of our
MODIS-DB algorithm. However, we urge readers to remain cognizant
of the BARC dataset's limitations (Section 2.3) throughout the ensuing
discussion.

The purpose of theMODIS-DB burned areamapping algorithm is to
provide burned area estimates, at the fire event level, for the
development of wildfire emission inventories. The emission invento-
ries will be used to forecast and evaluate the impact of wildfires on
regional air quality. Therefore, it is critical to provide uncertainty
estimates for our MODIS-DB burned area measurement. Uncertainty
is typically expressed as an interval about a measurement result that
is expected to encompass a specified probability range of the true
value. When the probability distribution characterized by a measure-
ment result y and its combined (random and systematic) standard
uncertainty uc are approximately normal, the interval y±uc is
expected to encompass about 68% of the measurand values, and uc
is commonly reported as the uncertainty (‘1σ uncertainty’). In our



Fig. 6. Calibration of MODIS-DB burned area grid product against the BARC reference
burned area for 142 fires events. MR=median regression best-fit line (Section 4.3),
1.65u is the approximate 90% prediction interval based on the empirical error function
(Section 4.3, Fig. 8): a) all reference fires; b) close-up for reference fires less than
200 km2.

Fig. 7.MODIS-DB burned area grid product plotted against the incident perimeter area.
All lines are median regression best-fit lines. The data point denoted with the filled
square marker was excluded from the analysis. a) all reference fires; b) close-up for
reference fires less than 200 km2.
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study, the burned area data are not normally distributed and the
variance of the calibration residuals increases with fire event size;
therefore, applying standard approaches may result in inaccurate
uncertainty estimates. We have chosen to define uncertainty as the
error cone we expect to envelop approximately 68% of fire event
burned area values of which the calibrated MODIS-DB burned area
measurement (Eq. (2)) is an estimate. We have chosen an empirical
error estimation approach to identify this error cone and thereby
quantify the uncertainty of our MODIS-DB burned area measurement
as a function of fire size.

We explored several functional forms before choosing a power
function. In Eq. (3a), below, u is the uncertainty in the MODIS-DB
gridded burned area measurement, MOD. The coefficients in Eq. (3a)
were evaluated as follows: 1) the MODIS-DB burned area (MOD) and
residuals from the calibration vs. the BARC reference dataset (Eq. (2),
Table 1) were assigned to 14 size bins, 2) we calculated the RMSE of
Eq. (2) (RMSEbin) and the mean MODIS-DB burned area (MODbin) for
each size bin, 3) we substituted RMSEbin andMODbin into Eq. (3a), and
regressed RMSEbin against MODbin, optimizing the power function
relationship of the substituted equation (Eq. (3b)). For the reasons
discussed above, our uncertainty analysis was limited to evaluation
against the BARC reference dataset.

u = b0 + b1 × MODð Þb2 ð3aÞ

RMSEbin = b0 + b1 × MODbinð Þb2 ð3bÞ

A non-linear least squares procedure (tangent-linear, Bates &
Chambers, 1992) was used to derive optimized values for parameters
b0, b1, and b2 (Fig. 8). The optimized equation is excellent in
describing the variability of RMSEbin (Fig. 8). The fit statistics (R2,
RMSE), coverage of calibration residuals, and the estimated uncer-
tainty changed little when the number of size bins used in the analysis
was varied from 10 to 15.

The purpose of this exercise is to construct an objective process
which is qualitatively similar to our definition of measurement
uncertainty. We believe the RMSE predicted with Eq. (3a), using the
optimized parameters in Fig. 8, provides a meaningful measure of the
uncertainty in our MODIS-DB gridded burned area across the span of
fire sizes used for calibration in this study. The empirical uncertainty
cone derived via this approach satisfies our uncertainty definition.
Seventy seven percent of the BARC reference burned area values fall
within the uncertainty bounds (inset Fig. 8). When a coverage factor
of 1.65 is applied to our empirical uncertainty, 92% of the BARC
reference burned area values are enveloped by the resulting
uncertainty bounds, thus providing the 90% prediction interval for
our calibrated MODIS-DB burned area measurement. As intended, the
coverage provided by our empirically derived uncertainty is compa-
rable to that of a standard uncertainty for normally distributed data
(i.e. coverage of ~68% for 1σ, and 90% for 1.65σ). In addition to
providing the intended coverage, the empirical uncertainty cone
captures the variability of the measurement error across the
observations (Fig. 8 inset). The calibrated burned area, measurement
uncertainty, and percent uncertainty are provided in Table 2 for a
range of MODIS observed burned areas.

Many satellite based burned area mapping methods apply cover
type or ecosystem type dependent thresholds for identifying burn
scars (e.g. Loboda et al., 2007; van der Werf et al., 2006). We expected
the effectiveness of our burn scar algorithm to vary with cover type
and tested for such an effect. A common test for statistical significance



Table 1
Optimized parameters and fitting statistics for calibration of the MODIS-DB burned area
against the reference dataset (Eq. (2)).

Evaluationa,f,g a0b a1c R2 RSEd MA%Ee

Calibration vs. BARC reference dataset
Forest and non-forest n=142

MRh 0.23±2.04 0.64±0.05 0.93 411.8 35.0
OLSh 3.11±4.08 0.62±0.04 0.93 408.9 43.2

Forest n=94
MRh −1.06±2.11 0.63±0.06 0.95 295.3 31.9
OLSh 2.14±3.68 0.60±0.01 0.95 286.3 43.1

Non-forest n=48
MRh 2.78±3.07 0.67±0.09 0.92 271.4 35.0
OLSh 2.93±7.05 0.68±0.03 0.92 265.8 32.7

Calibration vs. IP reference dataset
Forest and non-forest n=371

MRh −0.19±0.86 0.98±0.04 0.96 749.0 35.9
OLSh 3.02±2.15 0.98±0.03 0.96 746.6 44.6

Forest n=122
MRh −1.63±1.22 0.91±0.05 0.98 367.7 30.6
OLSh −1.42±3.16 0.92±0.04 0.98 365.8 31.3

Non-forest n=247
MRh 0.13±0.70 1.04±0.03 0.95 594.5 36.0
OLSh −3.16±2.60 1.05±0.04 0.95 591.9 44.0

a Evaluation of equation Eq. (2) OLS: ordinary least squares regression, MR: median
regression.

b a0: intercept with standard error.
c a1: slope with standard error.
d RSE: root square error.
e MA%E: mean absolute percent error.
f The Breusch–Pagan test for homogeneity (H0: variance of the regression residuals

are homogeneous) was applied to each regression with the result that H0 was rejected
at pb0.001 for each case.

g The Shaprio–Wilk normality test (H0: residuals are normally distributed) was
applied to each regression with the result that H0 was rejected at pb0.001 for each case.

h No attempt has been made to adjust the MR and OLS parameter errors for
heteroscedasticity, therefore error bounds for the regression parameters (a0 and a1)
may not provide sufficient probability coverage.

Table 2
Estimated uncertainty of the calibrated MODIS-DB burned area measurement.

Burned area Burned area uncertainty

MODIS-DB gridded
burned area
measurementa

Calibrated MODIS-DB
gridded burned area
measurementb

Uncertaintyc

(km2)
Percentd

10 6.6 ±3.8 ±58
25 16.2 ±7.6 ±47
50 32.2 ±12.8 ±40
100 64.2 ±22.0 ±34
200 128.2 ±37.8 ±29
400 256.2 ±65.1 ±25
800 512.2 ±112.3 ±22

Based on calibration vs. BARC reference dataset. Uncertainties from Eq. (3a). All values
are in units of km2 except the percent uncertainty.

a Fire event MODIS-DB burned area measurement (MOD in Eq. (2)).
b Calibrated MODIS-DB burned area as predicted by Eq. (2) using MR parameters

from calibration versus BARC reference dataset in Table 1.
c Uncertainties are ±RMSE predicted by Eq. (3a) using optimized parameters given

in Fig. 8 (b0=0.31, b1=0.57, b2=0.79).
d Percent uncertainty given as percent of calibrated MODIS-DB burned area

measurement.
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of a group effect (in this case cover type) is Chow's test for equality
among regression coefficients (Chow, 1960; Glantz, 2002). However,
our data set is not normally distributed and does not have constant
variance of errors across the observations, and thus fails to satisfy the
Fig. 8. Empirical error function for MODIS-DB burned area algorithm calibration curve
(Section 4.3). The x-axis is the average MODIS-DB measured burned area for each of 14
size bins (MODbin) and the y-axis is the RMSE of the algorithm burned area calibration
curve (Eq. (2)) for each size bin (RMSEbin). The open circles are MODbin versus RMSEbin.
The dashed line is the RMSE predicted by the optimized empirical error function
(Eq (3)). The inset figure plots residuals of the calibration (Eq. (2), Table 1) against the
MODIS-DB burned area (open circles). The x-axis is log scale. The dashed (solid) curve
is ±1 RMSE (±1.65 RMSE) as estimated with the empirical error function and
envelopes 77% (92%) of the residuals.
assumptions of the Chow test statistic. Concerns regarding validity of
the Chow test for our dataset were addressed by using a multi-
response permutation procedures (MRPP) analysis. The MRPP
analysis does not assume variance homogeneity and should provide
a reasonable analysis for data with heterogeneous variance and/or
non-normality (Mielke & Berry, 2001; Turner, 2006). The residuals of
Eq. (2) were tested for similarity among two cover groups (forest and
non-forest) using MRPP analysis (Mielke & Berry, 2001; Turner,
2006). Our analysis indicated no cover type effect (p=0.07) for the
calibration based on the BARC reference dataset (Fig. 6). In any case,
the difference in the calibration slopes between forest and non-forest
cover types is minor (~5% for MR fits, Table 1), as is the ~4 km2

difference in intercepts when the dominance of large fire events is
considered (see Appendix A). However, the calibration derived using
the larger IP reference dataset (Fig. 7) did exhibit a cover type effect
(pb0.001). This influence of cover type may reflect the difference in
the burned fraction of the perimeter area observed between forested
and non-forested areas. In the BARC reference dataset, which is a 142
member subset of the 370 member IP dataset, the unburned fraction
(µ±σ) was 0.65±0.15 and 0.75±0.15 for forest and non-forest
cover types, respectively. The ratio of unburned fractions (0.65/0.75)
equals the ratio of the calibration slopes obtained when the cover
types are treated separately (0.91/1.04, Fig. 7, Table 1). This sug-
gests the cover type effect indicated by the IP reference dataset
may result in part from the difference in the fraction of interior
perimeter area that is burned, and does not exclusively stem from
a cover type dependent response of the MODIS-DB burned area
mapping algorithm.

4.4. Burned area

The annual burned area estimated by the FiSL MODIS-DB
algorithm in 2006 and 2007 is displayed in Fig. 9. The 1-km burned
area grid product (Section 3.1.3) was aggregated to 22-km×22-km
grid cells to provide a better visualization of themagnitude and spatial
distribution of the burned area. Monthly large fire (N4 km2) burned
area by state, with estimated uncertainties, is presented in Fig. 10.

Statewide monthly burned areas and burned area uncertainty
estimates were calculated by applying the calibration (Table 1) and
the empirical uncertainty function (Fig. 8) to each distinct fire event
using Eqs. (4) and (5). The identification and growth of fire events is
described in Section 3.1.3. In Eqs. (4) and (5), MODi is the MODIS-DB
measured burned area growth for each distinct fire event and nf is the



Fig. 9. Annual burned area measured with FiSL MODIS-DB burned area algorithm. Burned area aggregated as square km burned per 22-km×22-km grid cell. The plotted data is the
MODIS-DB burned area calibrated against the BARC reference dataset (Table 1).
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number of fire events observed in that state during the month of
concern. The parameters in Eq. (4) are the MR optimized results from
Table 1 for calibration versus the BARC reference dataset. The Eq. (5)
parameters are from the optimized empirical uncertainty function
(Fig. 8).

BA state;monthð Þ =
Xnf

i=1

a0 + a1 × MODið Þ ð4Þ

RMSE state;monthð Þ =
Xnf

i=1

b0 + b1 × MODið Þb2
h i

ð5Þ

5. Discussion

5.1. Fire detection

The FiSLMODIS-DB burned area algorithm requires aMODIS active
fire detection, based on the MXD14 algorithm, to initiate a fire event
(Section 3.1.3). Therefore, the fire detection rate of our algorithm is, in
fact, the MODIS active fire detection rate for the FiSL DB system. As
expected, the MODIS active fire detection rate increases with fire size.
Only 19% of all reference fires b1 km2 are detected; while the
detection rate is 87% for all fires N4 km2 and 93% for all fires N10 km2.
While the majority of wildfires in the western U.S. are small, the large
wildfires are responsible for most of the area burned and the fire
emissions. Fires larger than 4 km2 comprised 97% of the total area
burned during 2003–2007, while fires with a final size exceeding
40 km2 accounted for 78% of the total reported burned area (see
Appendix A). For all but the largest fire size classes, the MODIS active
fire algorithm is most effective at detecting forest fires (Fig. 5). With
fires b10 km2, the detection rate is markedly better for burning in
forests compared with non-forest. We believe the difference in detec-
tion rates is related to differences in the fire behavior characteristics of
the fuels, as discussed below. The difference between the forest and
non-forest detection rates narrows with fire size, approaching parity
for fires N20 km2.

The MODIS-DB burned area algorithm was developed for large fire
events (N4 km2). A total of 53 reference fires larger than 4 km2were not
detected by the FiSL MODIS-DB system. These 53 reference fires were
also absent from the MODIS active fire detection dataset assembled by
RSAC (URL: http://activefiremaps.fs.fed.us/gisdata.php). The missed
large fires occurred predominantly in open shrublands and grasslands
(51 of 53 fires, 94% of the total burned area; the remaining two fires
occurred in savanna). The physical structure of grasses and shrubs, and
their susceptibility to extreme drying, favors rapidly moving fires in
these fuels (Anderson, 1982; Bradshaw et al., 1984; Rothermel, 1972).
Additionally, grasslands and shrublands generally lack large diameter
fuels or duff layers that burn and smolder behind the flaming front for
extended periods (Anderson, 1982). These fire behavior characteristics
suggest theMODIS active fire algorithmmay have failed to detect these
fires because they possessed rapidly moving flame fronts that were
extinguished prior to the MODIS overpass and lacked postfrontal
combustion. These wildfire characteristics of grass and shrub fuels may
play a significant role in the lower overall detection rates for non-forest
fires compared to forest fires (Fig. 5).

Recently, Hawbaker et al. (2008) (hereafter H08) investigated the
detection rates of the MODIS active fire algorithm product in the U.S.
using 361 reference fires (N=0.2 km2) from 2003 to 2005. As in our

http://activefiremaps.fs.fed.us/gisdata.php


Fig. 10. Monthly, state level MODIS-based burned area and estimated uncertainty for 2006 and 2007. The burned area and uncertainties are based on MODIS-DB burned area
calibrated against the BARC reference dataset (Table 1).
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study,H08 found theMODIS activefiredetection rate increasedwithfire
size. They reported that 50% of all fireswere detected at a size threshold
of 1 km2, and a ~90% detection rate for fires around 10 km2 (Fig. 3 of
H08). In order to compare our results with the findings of H08, we used
logistic regression to estimate the proportion of reference fires detected
by ourMODIS-DB systemas a function of fire size (see Appendix A). The
FiSL MODIS-DB system detects 50% of the reference fires at size
threshold of ~4 km2 and has a detection rate of 67% at a fire size of
10 km2. The significant difference in the detection rates between our
study and H08may by driven by two factors. First, the DB data from our
single antenna receiving station provides fewer observations for the
continental U.S. than the MODIS data set acquired from the NASA Land
Processes Distributed Active Archive Center and used in H08. Secondly,
it is possible the reference fire data sets used in the two studies have a
significantly differentdistribution infire type, i.e. the relative occurrence
of forest and non-forestfires. Applying the logistic regression analysis to
the subset of reference fires occurring in forest (n=231), we estimate
the 50% detection threshold is ~0.4 km2 and the probability of not
detecting a 10 km2

fire is negligible (Appendix A), results consistent
with Fig. 5. H08 did not examine the role of land cover. Lacking detailed
statistics describing the land cover of the reference fire data set used in
H08, we cannot verify any impact of cover type in producing the
different overall detection rates in the two studies.

The MODIS active fire algorithm is highly effective at detecting the
large wildfires that dominate burned area and emissions in the
western U.S. Performance of the MODIS active fire algorithm is
exceptional in detecting large forest fires. Proficiency in detecting
forest fires is crucial. While forested lands typically account for only
~25% of total burned area (Schwind, 2008), the heavy fuel loadings of
western forests (Brown & Bevins, 1986; Brown & See, 1981) may lead
to high emission intensities during the wildfire season. For this reason
large forest fires are of particular concern to air quality forecasters and
air shed managers.

5.2. Burned area measurement

5.2.1. Algorithm performance
The MODIS-DB burned area is highly correlated with the BARC

burned area, but exhibits a large positive bias (Table 1). The bias may
be related to the active fire detection buffering (circle area of 1 km2)
and/or burn scar edge effects. Comparison of ourMODIS-DB active fire
detection counts against the IP reference dataset yields a burned area
to active fire detection ratio of 0.27 km2 pixel−1 (r=0.51), indicating
our 1 km2 buffer is generous. The spectral tests of our burn scar
algorithm are susceptible to false alarms. The algorithm filters for false
alarms by testing for spatial and temporal proximity to active fire
detections. A shortcoming of the spatial proximity filter is that false
detections located outside the true fire perimeter, but within 5 km of a
recent active fire detection, will pass the proximity tests and be
confirmed a valid burn scar. The Shower Bath Complex Fire (Fig. 3) is
one of themore egregious examples of failure in the spectral tests that
evaded contextual filtering. False burn scar detections located outside
the incident perimeter and not associated with any active fire detec-
tions contribute 116 km2 to the burned area grid product (Fig. 3a and
d). Of this 116 km2, about 20 km2 is attributable to areas burned by
fire in 2005 and 2006. A significant swath of active fire detections and
coincident burn scar detections were confirmed just outside the
incident perimeter (this feature has beenmarkedwith an ‘X’ in Fig. 3).
The detections in this area occurred in the days following acquisition
of the final incident perimeter. It is likely the fire burned this region,
totaling ~20 km2, after the ‘final’ incident perimeter contained in the
IP reference dataset was recorded. However, previous fires and
burning that postdates the IP and BARC reference datasets explains
only ~14% of the burned area differential for this fire event. The
burned area grid product totals 611 km2 for this fire event, more than
double the area of the reference burn scar (286 km2).
The algorithm appears sensitive to fire activity that is patchy or
results in very low severity fire damage. The Chippy Fire triggered
many active fire detections that were outside the validation burn scar
(delineated with the BARC map), but within the incident fire
perimeter (Fig. 2b). Many of these active fire detections are
accompanied by burn scar detections (Fig. 2a). Only two burn scar
detections fall outside the perimeter, and most of the active fire
detections outside the perimeter are within ~1 km, the resolution of
the active fire product. The coincidence of active fire and burn scar
detections inside the fire perimeter, and lack of false detects beyond,
suggests these regions experienced some degree of fire activity.

The burn scar algorithm successfully maps burned area from fire
activity missed by the active fire detection product. In our evaluation we
found it was not unusual for the active fire algorithm to miss substantial
swaths of burned area that were properly mapped by the burn scar
algorithm (Figs. 2–4). The absence of active fire detections in these areas
may result from fire activity that occurred betweenMODIS observations
or that produced thick smoke which obstructed detection. The pro-
pensity of the active fire product tomiss significant burned area suggests
algorithms that rely on active fire detections alone may have significant
difficulty capturing the true spatial distribution of burned area.

5.2.2. Monthly burned area
Themonthly largefire (≥4km2) burned area by state,with estimated

uncertainties, is presented in Fig. 10. In 2006 and2007 the states of Idaho,
California, Nevada, Montana, and Oregon accounted for ~75% of the total
burned area in thewesternU.S. In the northern Rockies (Idaho,Montana,
and Wyoming) and Nevada the burned area was concentrated in the
middle to late summer (July–September), while burning in the Pacific
Northwest peaked in the July andAugust andextended into October. The
burned area ismost broadly distributed throughout the year in Colorado,
NewMexico, Arizona, andCalifornia. Inmost states, duringmostmonths,
the absenceof largefires resulted in a small total burnedarea,with a large
measurement uncertainty that often approached±100%. However,
when theburnedareawasdominatedby largefire events theuncertainty
in themonthly burned area was significantly better, ranging from±25%
to ±40% (e.g. July–September, 2007 in Idaho).

5.2.3. Annual burned area comparison with previous estimates
We now compare our annual burned area estimates with a

previous remote sensing based estimate and NICC records. Zhang and
Kondragunta (2008) (hereafter, ZK08) reported fire burned areas
across the U.S. (2000–2006) derived from GOES Wildfire Automated
Biomass Burning Algorithm (WF_ABBA). The results of ZK08 for 2006,
interpolated from their Fig. 9, are given in Table 3 along with the
burned area estimates of our study and NICC data. As previously
discussed (Section 2.2), burned areas based on incident perimeters,
like the NICC data, overestimate the true burned. On average 28% of
the area inside the incident perimeters is unburned or burned with
very low severity (Schwind, 2008). The NICC data presented in Table 3
have been adjusted by a factor of 0.72 to account for this overestima-
tion. The purpose of this crude adjustment is to identify any gross
differences in the state level burned area sums. The NICC statistics
include prescribed fire, but not agricultural burning. ZK08 include pre-
scribed and agricultural fire, while our burned area algorithm is de-
signed to exclude observations in agricultural areas (Section 3.1.2).
However, our estimates may include some contributions from agri-
culture fires due to limitations of the land cover/land use map used to
mask agricultural lands.

5.2.3.1. FiSL vs. NICC. The FiSL state level estimates of burned area are
well correlated with the NICC data (r=0.95, pb0.0001 for 2006 and
2007 combined; r=0.88, pb0.001 for 2006 only, 95% confidence
interval, Pearson's correlation). In 2006, the FiSL burned area is
markedly lower than the adjusted NICC data in New Mexico, Nevada,
andMontana (−1440,−1005, and−877 km2, respectively). The 2006



Table 3
Annual burned area estimates for the western US states in 2006.

State Burned area (km2)

MODIS-DB BAA ZK08 NICC adjusted

Arizona 778±429 1281 776
California 2465±980 3128 2183
Colorado 265±160 312 372
Idaho 2673±1066 2250 2937
Montana 2352±834 1331 3139
Nevada 2956±912 1047 3851
New Mexico 579±292 562 1958
Oregon 2066±921 812 1875
Utah 807±384 646 1042
Washington 1411±493 1062 1261
Wyoming 742±323 750 671

The calibrated MODIS-DB burned area estimate includes all observed firesN1 km2.
Uncertainties for the calibrated MODIS-DB burned area are ±RMSE predicted by Eq. (3a)
using optimized parameters in Fig. 8. (b0=0.31, b1=0.57, b2=0.79). ZK08 burned area
is interpolated from Fig. 9 of Zhang and Kondragunta (2008). The NICC burned area is the
reported perimeter area (Section 2.2) reduced by a factor of 0.72 to account for the
estimated unburned area inside the perimeter (Section 5.2.3).
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fire activity in these states occurred largely in rangeland (see Appendix
A). Even in Montana, roughly 70% of the burned area occurred in
grasslands, shrublands, and croplands.We suspect the predominance of
rangeland fire affected the difference in burned area for these three
states due to the lower MODIS detection rate. The MODIS fire detection
algorithm is less efficient for rangeland fires compared to forest fires
(Section 4.2 and Fig. 5). Even large rangeland fires (N20 km2) may
completely evade MODIS detection (Section 5.1; also see H08).

5.2.3.2. FiSL vs. GOES WF_ABBA. The state level 2006 burned area
estimates of our study are not well correlated with those of ZK08
(r=0.50, p=0.11, 95% confidence interval, Pearson's correlation). In
general, the burned area results of ZK08 are significantly lower than the
FiSL data (OLS regression: ZK08=540+0.42 ⁎ FiSL, R2=0.25, units of
km2). Our burned area estimates exceed those of ZK08 substantially in
Nevada, Oregon, and Montana in both in absolute (1909, 1254,
1021 km2) and relative (182% 154%, 77%) terms. For all three states,
the ZK08 estimated annual burned area falls outside the lower
uncertainty bound estimated for the FiSL data; ZK08 provide no
uncertainty estimate for the annual state sums of burned areas. With
only one year of data, summed on an annual time scale, it is difficult to
speculate on the factors driving the large differences in estimated
burned area reported for Nevada, Oregon, and Montana. However, it is
worth noting that a recent study of fire in the Brazilian Amazon found
GOESWF_ABBA requires 4 times the active fire area needed by MXD14
to attain the same detection probability (Schroeder et al., 2008).

6. Conclusion

We have evaluated a MODIS-DB burned area mapping algorithm
that combines active fire detections with single scene burn scar
detection. The purpose of the algorithm is to provide burned area
estimates for the development of wildfire emission inventories which
may be used to forecast and evaluate the impact of wildfires on
regional air quality. The FiSL MODIS-DB system is highly effective in
detecting the large wildfires that dominate burned area and emissions
in the western U.S. During 2006–2007 the system detected 100% of
reference forest fires N2 km2, 87% of all reference fires N4 km2, and
93% of all reference fires N10 km2. The burned area product is highly
correlated with final incident fire perimeters and burned area derived
from high resolution imagery. A Landsat based BARC burn scar
reference dataset was used to calibrate the algorithm response and
quantify the uncertainty in burned area. In studies employing remote
sensing for the measurement of burned area, uncertainty is usually
difficult to characterize in a useful manner and is often given only
cursory attention. We employed an objective, empirical error based
approach to quantify the uncertainty of our burned areameasurement
at the fire event level. Our description of uncertainty provides ametric
that is meaningful in context of remotely sensed burned area and
emission inventories. The uncertainty is ±36% for fires 50 km2 in size,
improving to ±31% at a fire size of 100 km2. Fires in this size range
account for a substantial portion of burned area in the western U.S.
(77% of area is due to fires N50 km2, and 66% results from fires
N100 km2). The dominance of large wildfires in burned area, duration,
and emissions makes these events a significant concern of air quality
forecasters and air shed regulators. The MODIS-DB algorithm maps
these large fire events with an uncertainty that is small compared to
the uncertainty of the other variables which also influence wildfire
emissions (e.g. fuel loading, fuel consumption, and emission factors).

Burned area in the western U.S. is dominated by large fire events
occurring during the summer and early fall. In 2006 and 2007, fires in
Nevada and the northwest (Idaho, Montana, Oregon, Washington)
accounted for ~72%of the total burned area,withmost of thefire activity
occurring during the months of July through September. Fire activity in
California, which spanned June–October, comprised 16% of total burned
area in the western U.S. The MODIS-DB algorithm measures monthly,
state level burned area with uncertainty of ±25% to ±40% (relative to
the BARC reference dataset) during the peak fire months.

Air quality forecasting and mitigation management require that
wildfire emission estimates are available in a timely manner, with high
temporal (hour to day) and spatial resolution (b4 km ), to support real-
time operations. With daily coverage at 1-km spatial resolution, and a
quantifiedmeasurement uncertainty, the burned area product presented
in this paper is well suited for the development of wildfire emission
inventories. The algorithm's DB implementation enables time sensitive
burned area mapping to support operational air quality forecasting.

Potential improvements to the MODIS-DB algorithm include
modification to consider landcover type (or ecosystem)andadjustment
of the active fire/burn scar buffering scheme. Implementing cover type
specific temporal and spatial proximity tests for confirming burn scar
detections and aggregating detections into fire events would likely
reduce the uncertainty of the burned area product. Ourfindings indicate
that the use of buffered burn scar detections alone may be a more
accurate approach for the mapping of burned area. The inclusion of
buffered (1-km2) active fire detections in the construction of fire event
buffers leads to an overestimate of burned area. A potential algorithm
improvement would use active fire detections solely for the identifica-
tion of valid burn scars through temporal and spatial proximity tests.
Valid burn scar detections alone would be used to map burned area.
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Appendix A

Fire occurrence

Fig. A1 depicts the cumulative fraction of burned area versus final
fire size for 5043 fire events in the western U.S. from 2003–2007, as
reported in Incident Management Situation Report (IMSR or ‘SIT’)



Fig. A1. Cumulative fraction of total wildfire burned area by fire size. X-axis is log scale.
Figure includes all wildfires and wildland fire use fires in the western US from 2003–
2007. The ‘western US’ is defined as the states of Arizona, California, Colorado, Idaho,
Montana, Nevada, New Mexico, Oregon, Utah, Washington, and Wyoming.

2525S.P. Urbanski et al. / Remote Sensing of Environment 113 (2009) 2511–2526
databasemaintained by the National Interagency Fire Center (NIFC) in
Boise, Idaho (URL: http://fam.nwcg.gov/fam-web/). While fire occur-
rence was dominated by small fires (58% of fires were less than 4 km2)
fires larger than 4 km2 comprised 97% of the total burned area. Fires
with a final size exceeding 40 km2 accounted for 78% of the total
reported burned area.

2006 Montana, Nevada, New Mexico
The cover type distribution of fire activity in Montana, Nevada, and

New Mexico in 2006 was assessed using data from the 2006 Incident
Management Situation Report (Section 2.2). The database includes
fire point locations and fire perimeter areas. The dataset was imported
into ESRI ARC Map and each fire location point was buffered with a
circle of an area equal to the fire's final perimeter area. The buffered
circles were intersected with the MOD12 land cover data product
(Section 2.4), providing annual wildfire burned area by cover type at
the state level. The fraction of total burned area attributed to grass,
shrub, cropland, or barren land cover by state was: Montana 71%,
Nevada 99%, and New Mexico 79%.

Fire detection

In order to make a direct comparison with Hawbaker et al. (2008),
we followed their approach of relating the reference fire size to the
Fig. A2. Fire detection probability for the FiSL MODIS-DB system using the standard
MOD14 algorithm. X-axis is log scale. The reference fire size has been plotted in units of
km2 (1 km2=100 ha) with a log scale.
proportion of fires not detected by the FiSL MODIS-DB system using
logistic regression. We implemented logistic regression analysis with
the logit link function using R statistical software (Everitt & Hothorn,
2006). The logit link function is used to transform the output of a
linear regression fit into probabilities:

Logit Pð Þ = A + Bx: ðA1Þ

The logistic function is the inverse of the logit function:

P =
exp A + Bxð Þ

1 + exp A + Bxð Þ : ðA2Þ

In our analysis, P is the probability of the FiSL MODIS-DB station not
detecting a reference fire of size x in hectares (100 hectare=1 km2). For
comparison with Hawbaker et al. (2008), we used all reference
fires≥0.2 km2. The results of our analysis are given in Table A1 and
Fig. A2 (in Fig. A2 the reference fire size has been plotted in units of km2

with a log scale for better display). The 50% detection rate threshold is
4.2 km2 for all fires and 0.4 km2 for forest fires alone. The result of the
logistic regression analysis for the forest only data is less than robust
(p=0.18 for intercept); nevertheless, the result illustrates the higher
detection rate for forest fires, a conclusion supported in the alternative
analysis presented in Section 4.2.

Table A1
Logistic regression parameters and fitting statistics for the fraction of reference fires not
detected by the FiSLMODIS-DB system and the estimated 50% detection threshold.
Coefficienta
 Estimate±errorb
 z-value
 p-value
 x at P=0.5c
All cover type (n=831)

A
 0.4847±0.1051
 4.610
 b0.001
 4.2 km2
B
 −0.0012±0.0001
 −8.372
 b0.001
Forest only (n=218)

A
 0.7990±0.5994
 1.333
 b0.01
 0.4 km2
B
 −0.0205±0.0064
 −3.195
 0.18
aIntercept (A) and slope (B) of Eqs. (A1) and (A2).
bError is standard error.
cEstimated fire size at which 50% of fires are detected by the FiSLMODIS-DB system (Eq.
(A2)).
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