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Abstract: This work presents development of an algorithm to reduce the spatial uncertainty of
active fire locations within the 1 km MODerate resolution Imaging Spectroradiometer (MODIS
Aqua and Terra) daytime detection footprint. The algorithm is developed using the finer 500 m
reflective bands by leveraging on the increase in 2.13 µm shortwave infrared reflectance due to the
burning components as compared to the non-burning neighborhood components. Active fire presence
probability class for each of the 500 m pixels within the 1 km footprint is assigned by locally adaptive
contextual tests against its surrounding neighborhood pixels. Accuracy is assessed using gas flares and
wildfires in conjunction with available high-resolution imagery. Proof of concept results using MODIS
observations over two sites show that under clear sky conditions, over 84% of the 500 m locations
that had active fires were correctly assigned to high to medium probabilities, and correspondingly
low to poor probabilities were assigned to locations with no visible flaming fronts. Factors limiting
the algorithm performance include fire size/temperature distributions, cloud and smoke obscuration,
sensor point spread functions, and geolocation errors. Despite these limitations, the resulting finer
spatial scale of active fire detections will not only help first responders and managers to locate actively
burning fire fronts more precisely but will also be useful for the fire science community.

Keywords: wildfire; ASTER; Sentinel 3; remote sensing

1. Introduction

Vegetation fires are routinely monitored from space using satellite data that detect the location
of burned and actively burning locations at the time of over pass. Heritage active fire detection
methodologies have been developed for different sensors using algorithms that take advantage of
the elevated radiance of fire at longer middle infrared (MIR) wavelengths [1–5]. Satellite active fire
detections have found applications in diverse fields including fire characterization studies [6–11],
studies of human activity [12,13], examination of the ecological responses to fire [14,15], studies of
active volcanism [16,17], estimation of pyrogenic emissions of greenhouse gases and aerosols [18,19]
for wildfire fire monitoring, control, and natural resource management [20–22], and have also been
used in burned area mapping algorithms [23–26].

Currently, satellite sensors with operational active fire sensing capabilities (Advanced Very
High-Resolution Radiometer (AVHRR), MODerate resolution Imaging Spectroradiometer (MODIS),
Sentinel 3, Visible Infrared Imaging Radiometer Suite (VIIRS), Geostationary Operational Environmental
Satellite system (GOES), etc.) use geostationary and polar orbiting platforms and their spatial resolutions
range from 375 m to over a few kilometers with temporal frequency ranging from every 15 min to
about twice daily. However, sensors with high spatial resolution have low temporal resolution and
conversely sensors with low temporal resolution have higher spatial resolution. It is well established
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that the ~1 km spatial resolution of currently available active fire products is too coarse to identify the
landcover that is burning [27–30]. Fire is spatially and temporally ephemeral, thereby necessitating
finer spatial and temporal resolution observations for monitoring. The recently available twice daily
VIIRS 750 and 375 m active fire product [31,32] is a step in the right direction, and data since 20 January
2012 to current are available. Among the currently operational satellites with fire detection capabilities,
the MODIS Aqua and Terra satellites [2] and Sentinel 3 A and B [33,34] have finer spatial resolution in
the reflective visible-shortwave infrared (VIS-SWIR) bands that can be readily used to downscale the
nominal 1 km active fire detections for observations going back to 1999.

In this paper, we present a straightforward approach with proof of concept results, and accuracy
assessments to downscale the MODIS 1 km active fire detections to estimate the active fire
location probabilities within the 500 m subpixels. The downscaling algorithm is based on
established satellite-based active fire detection capabilities using VIS-SWIR reflectance [10,17,35–38].
These algorithms leverage on the increased radiance/reflectance in the 2 µm (SWIR) bands relative to the
shorter (0.8 µm near-infrared (NIR)) wavelengths and elevated SWIR radiance/reflectance, to identify
pixels that have actively burning components.

The downscaling algorithm adapts established work [10,17,35–38] to assign the probability of active
fire presence to those 500 m subpixels within the 1 km active fire detection footprint. A downscaled
500 m active fire product from 1 km can potentially reduce the location and area uncertainty by one
half and one quarter, respectively. Algorithm accuracy assessments are inferred by using concurrent
Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) and available Google
Earth™ imagery over two sites. Higher spatial resolution of active fire detections will not only help
first responders and managers to more precisely locate actively burning fire fronts but will also be
useful to the fire science community engaged in studies that consider the spatial patterns of fire and
fire spread rates [9,20,39–41].

2. Data

2.1. MODIS Sensor

The MODIS sensor is onboard two polar-orbiting satellites (Terra: 10.30 a.m. Equatorial overpass
time and Aqua: 1.30 p.m. Equatorial overpass time) that provide up to two daytime and two nighttime
over passes at the equator [2]. MODIS land surface products are produced in a sinusoidal tile grid
system covering the global land area in 460 tiles with each tile covering 10 degrees by 10 degrees at the
equator. The MODIS sensor is a whiskbroom sensor and hence its observation footprint increases as a
function of the scan angle [42,43]. Observations resampled to a uniform gridded product using nearest
neighbor resampling is available as the Level 3 gridded product [43].

MODIS is a multispectral sensor with 36 bands spanning 0.4 µm to 14 µm. The nominal nadir
spatial resolutions range from 250 m for the 0.85 µm (NIR) and 0.64 µm (red) bands to 500 m for
the 0.46 µm, 0.55 µm, 1.24 µm, 1.64 µm and 2.13 µm reflective bands, and 1 km for midinfrared
and thermal bands [44]. In this work, the Collection 6 [45] Level 3 MODIS sinusoidal equal area
projected and gridded to 1 km MODIS Terra-based MOD14A1 and the MODIS Aqua-based MYD14A1
data products [46] available from the National Aeronautical and Space Administration (NASA) Land
Processes Distributed Active Archive Center LPDAAC [47] are used. Specifically, the 0.85 µm (NIR)
and 2.13 µm (SWIR) reflective bands are used in this work. The MOD/MYD active fire product
identifies 1 km pixels with active fires by their increased radiances in the 4 µm band relative to
non-burning pixels using locally adaptive contextual tests [2,45]. Each 1 km MODIS pixel in the active
fire product is labeled as fire if a fire is detected, otherwise the pixel is assigned a value for land,
cloud, water, or unknown/no data. The MODIS active fire product has commission and omission
errors that have been well characterized. Commission errors are typically due to increased thermal
contrast of hotter bare earth adjacent to cooler forests [38] and also due to overlapping sensor point
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spread functions [42,48]. Omissions are largely due to insufficient size and temperature of active fires
encompassed in the pixel [2].

Along with the MODIS active fire data, the corresponding MOD/MYD 09 GA 500 m Collection 6
Level 3 atmospherically corrected reflectance data product available from the NASA Land Processes
Distributed Active Archive Center LPDAAC [47] is also used in this study. This product defines the
surface reflectance of seven spectral bands spanning 0.47 µm (blue) to 2.13 µm (SWIR) wavelengths
with 500 m spatial resolution. The seven spectral bands also include the 250 m 0.64 µm red and the
0.85 µm NIR bands aggregated to 500 m spatial resolution.

2.2. ASTER Sensor

The ASTER is a high spatial (15 m–90 m) resolution on-demand sensor on board the polar orbiting
Terra platform with 14 multispectral bands [49] spanning the visible to thermal infrared (TIR) bands,
and a 16-day possible revisit frequency. The spatial resolutions of the visible to NIR (Channels 1, 2, 3N,
3B), SWIR (Channels 4, 5, 6, 7, 8) and TIR (Channels 10, 11, 12, 13, 14) bands are 15 m, 30 m, and 90 m,
respectively. Calibrated and terrain-corrected ASTER data AST L1T available from LPDAAC [47]
is used in this work. Specifically, we use the Channel 3N 15 m NIR and the Channel 9 30 m SWIR.
The fact that MODIS and ASTER sensors are on board the same Terra satellite platform provides the
unique potential for concurrent observation of fires using the coarse resolution MODIS Terra and
higher spatial resolution ASTER data for fire validation studies.

3. Methods

3.1. Algorithm

The downscaling algorithm is a straightforward adaptation of the established active fire detection
techniques using reflective bands [10,35–38]. Initially, all 500 m pixels that are encompassed within the
1 km detection pixel footprint are considered fire candidates. The 500 m pixels that are outside the
detection footprint but within 1 km are considered to be adjacent to fire pixels that may be contaminated
with non-detected active fire components. All 500 m pixels encompassed by a 1 km pixel identified as
water are all conservatively labeled as water and cloudy pixels are ignored [35,37]. The probability
classes for each of the 500 m candidate fire pixels are assigned using the Figure 1 flowchart and the
following tests.

If the fire candidate pixel’s 2.13 µm band 7 reflectance is saturated (ρ2.13 µm ≥ 1.3 or DN = f illvalue)
it is assigned the highest probability class for presence of active fire. Saturation of the 2 µm bands in
moderate resolution satellites such as Landsat occurs only over fires or over highly reflective surfaces
that can cause sun glint under the right illumination geometry [35,37,50]. Since the saturated candidate
500 m pixel is within a 1 km pixel already known to encompass an actively burning fire, it is assigned
the highest probability class and is not a bright reflective surface.

All remaining 500 m candidate fire pixels are further examined through a contextual test to
assign their probability class for presence of active fires, by comparing their reflectance values with
their corresponding background pixel value, similar to the approach used in the MODIS active fire
detection algorithm [2,35,37]. The background pixels are selected from a square window centered on
the candidate fire pixel. The window starts as a 7 × 7 pixel square ring and is grown spirally to include
9 × 9, 11 × 11, 13 × 13 . . . .to a maximum of 31 × 31 pixels until at least 25% of the pixels within the
window are non-fire, non-candidate, non-saturated, not adjacent to fire and non-water pixels, and the
selected number is at least 32 [2,35]. The mean and standard deviation values are calculated using the
selected background pixel’s 2.13 µm band reflectance values and the ratio of 2.13 µm band reflectance
to the 0.87 µm band reflectance. These are compared [35,37] to the candidate’s 2.13 µm band reflectance
and the ratio of 2.13 µm band reflectance to the 0.87 µm band reflectance as Equations (1) and (2).

ρ2.13 µm ≥ ρ2.13 µm + n ∗ σ2.13 µm (1)
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And
ρ2.13 µm

ρ0.87 µm
≥
ρ2.13 µm

ρ0.87 µm
+ n ∗ σ ρ2.13 µm

ρ0.87 µm

(2)

where the ρ is the reflectance in the spectral band noted in the subscripts of the candidate 500 m fire
pixel, x and σx represent the mean and standard deviation respectively of the selected × neighbors.
The n in the above equations define the breaks for the probability classes.

For example, the 3 σ (highest probability) criterion is when ρ2.13 µm ≥ ρ2.13 µm + 3 ∗ σ2.13 µm and
ρ2.13 µm
ρ0.87 µm

≥
ρ2.13 µm
ρ0.87 µm

+ 3 ∗ σ ρ2.13 µm
ρ0.87 µm

. Similarly, the < 3σ & ≥ 2σ (moderate) < 2σ & ≥ 1σ (low) and < 1σ

(poor) 500 m active fire probability is assigned.
Downscaling coarse resolution to finer resolution is often not encouraged [51] due to band-to-band

registration mismatches. However, since the downscaling algorithm presented in this work is only a
relative comparison of ratios between candidate pixel and their neighborhood with locally adaptive
thresholds, errors due to resampling and band-to-band misregistration are expected to be minimal.
Furthermore, more recent research [52] reported the band-to-band registration error was expected to
be less than 0.1% for MODIS.
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Figure 1. Downscaling algorithm flowchart.

3.2. Accuracy Assessment

Validation of satellite active fire detection is challenging due to difficulties in obtaining
independent reference data at the time of over pass. Past satellite active fire detection validation
studies [36,38,53] used concurrent high-resolution (30 m) ASTER satellite active fire detections for
validations. Satellite reflectance-based active fire detections have been validated by examining higher
resolution imagery of active fire locations and expert opinion [35,37]. In this work we follow a similar
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methodology for accuracy assessments of the algorithm performance over two test sites. We use
available ASTER and Google Earth™ images and examine 500 m locations for the presence/absence of
active fire for accuracy assessments. Results of this analysis are not representative of global performance
of the algorithm.

3.2.1. Gas Flares

Gas flares are typically hotter (>1600 K) [54] compared to ~1000 K flaming vegetation fires [2,55]
and hence are easily identifiable in thermal imagery. Gas flare stacks (active and inactive) are also
easily visible in high-resolution visual band imagery, enabling the pinpointing of the exact location
of the source. However, not all gas flares are detected by MODIS [56,57], as the MODIS daytime
active fire algorithm is more sensitive to larger biomass fires. Therefore, only those MODIS tiles on
specific dates when active fires were detected over the gas flare sites by the MODIS daytime active
fire algorithm and that were also cloud free were selected. We selected Iraqi gas stack locations as
they are numerous and are surrounded by desert with sparse vegetation. The locations of gas flares
are visually identified and are compared to their assigned probabilities for assessment. Gas flares
are expected to be located predominantly within the highest probability pixels, while pixels with
low probabilities may occur around high probability pixels but away from known gas flare locations.
However, construction development (commissioning and/or decommissioning of existing gas flares
with respect to base imagery and date of active fire detection), prevailing wind direction, physical size of
the fire and viewing geometry depending on the height of the fire stack and point spread function of the
MODIS sensors may cause more than one 500 m pixel to be flagged as high probability. Considering all
these sources of error, the distribution of probabilities and the presence or absence of gas flares in the
500 m pixels is visually judged, tabulated, and discussed. Table 1 presents the data used for examining
the gas flares.

3.2.2. Wildfire

Quantitative validation of MODIS active fire products for detecting wildfire has been demonstrated
using concurrent 30 m ASTER observations [36,38]. We follow a similar methodology and use MODIS
Terra observations and concurrent observations by ASTER over an African savanna fire. A simple
thresholding algorithm [36] on the 30 m Channel 9 ASTER, where 2 µm radiance > 6.33 W m2 sr−2 µm−1,
to classify 30 m ASTER active fire pixels as burning. The 30 m ASTER fire pixels in each of the 500 m
MODIS subpixels are examined considering their assigned probabilities.

Accuracy was also qualitatively inferred by visual examination of the distribution of 500 m pixels
within the 1 km detector footprint and their active fire presence probabilities over the largest and recent
(27 July 2018 Ranch fire in California) wildfire in the United States using available high-resolution
imagery. Accuracy of 500 m pixel probabilities and the wildfire perimeter that is visible within
high-resolution imagery (see Table 1 for high-resolution imagery sources) is visually evaluated.

Table 1. Algorithm assessment test site location, MODIS image day of year (DOY), MODIS tile, MODIS
product, and accuracy assessment imagery.

Test Sites Year/DOY(s) Modis Tiles Products
(Resolution)

Accuracy Assessment
Imagery (Resolution)

Gas flares (Iraq) 2019/032 H22V05 MOD14A1 (1 km)
MOD09GA (500 m)

Google Earth™
(<1–30 m)

Wildfire in African
savanna 2001/229 H19V10 MOD14A1 (1 km)

MOD09GA (500 m)
ASTER

(15–30 m)

Wildfire in US
(Ranch fire) 2018/216,217 H08V05 MYD14A2 (1 km)

MYD09GA (500 m)
Google Earth™

(<1–30 m)
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4. Results

4.1. Gas Flares Results

The 2019 MOD14A2 H22V05 tile had a total of 116 (1 km) active fire detections on 1 February
(DOY 32) that could be visually grouped as 29 contiguous clusters. Clusters over agricultural fields
and industrial units that are spread over multiple 500 m pixels with no obvious distinct source such
as a flare stack or active gas flare are excluded from this study. These are not MODIS commission
errors but are detections where the fire could have occurred anywhere, and its location cannot be
reliably determined by using non-concurrent imagery. Out of the 29 clusters only 19 had obvious flare
stacks (active and inactive in the time of base imagery) in the most recent images (2010 base imagery
compared to 2019 active fire detection) available on Google Earth™. Table 2 shows the number of
500 m pixels that belong to a particular probability class for each of the 19 cluster of detections over gas
flares after the application of the downscaling algorithm. Downscaled 500 m pixels that had more than
one flare stack (active or inactive) are shown in bold. It is evident that flare stacks were seen mostly in
the pixels that are assigned the highest probability classes and conversely the lower probability classes
have the least chance of containing a flare stack within their footprint. No visual evidence of flare
stacks in any of the poor probability pixels in all 19 clusters analyzed is seen. However, there were few
(Table 2: cluster id 7, 9, 13, 19) instances where flare stacks were visually identified outside the high
probability class 500 m pixels. In all of these cases, at least one flare stack is seen within 150 m of high
probability pixel boundaries. Over the Iraqi gas flare test site 84% (16/19) of the highest and moderate
probability contiguous 500 pixels had at least one flare stack in them while 16% (3/19) of clusters had
evident flare stacks in the low probability pixels

Table 2. Algorithm assessment results. Column 2 shows the number of 500 m candidate pixels that
were encompassed by the 1 km detection. Columns 36—show the number of 500 m pixels assigned
probability class High, Moderate, Low, and Poor using the downscaling algorithm. Values in parenthesis
indicate the number pixels with an evident flare (active and inactive flare stack).

# Pixels

Cluster ID Candidate 500 m High Prob. Moderate. Prob. Low Prob. Poor Prob.

1 8 1 (1) 2 (0) 5 (0) 0 (0)
2 24 6 (3) 1 (0) 14 (0) 3 (0)
3 12 2 (2) 0 (0) 5 (0) 5 (0)
4 20 6 (3) 0 (0) 9 (0) 5 (0)
6 12 3 (2) 0 (0) 2 (0) 6 (0)
7 16 2 (0) 2 (1) 9 (0) 3 (0)
8 4 2 (2) 0 (0) 1 (0) 1 (0)
9 8 3 (0) 0 (0) 3 (1) 2 (0)

11 20 2 (1) 2 (0) 4 (0) 12 (0)
12 4 2 (1) 0 (0) 2 (0) 0 (0)
13 16 2 (0) 1 (0) 11 (1) 2 (0)
14 24 4 (2) 0 (0) 12 (0) 3 (0)
15 16 3 (2) 13 (0) 0 (0) 0 (0)
16 8 2 (1) 3 (1) 2 (0) 0 (0)
17 16 2 (2) 0 (0) 7 (0) 6 (0)
18 16 2 (1) 2 (1) 5 (0) 7 (0)
19 4 3 (1) 0 (0) 1 (1) 0 (0)

An illustrative example of the performance of the downscaling algorithm over a gas flare (Cluster
ID #2: Table 2) is shown in Figure 2. It is evident that the highest probability pixels encompass
the visibly burning flare stacks. High probability pixels with no flare stacks evident are also seen
adjacent to high probability pixels with no evident flare stack. This may be due to a combination of
effects including the height of the flare stack and view angle, newer construction, geolocation errors,
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sensor point spread functions, and atmospheric effects [35,37], including prevailing wind. No flare
stacks (either active or inactive) are visible in the lower probability pixels. A pixel with no flare
stack has also been assigned a moderate probability by the algorithm. However, as discussed above,
such commission errors for adjacent pixels are expected.Fire 2019, 1, x FOR PEER REVIEW  7 of 15 
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Figure 2. Illustrative proof of concept results over gas flares in Iraq (centered at N 30.216575, E 47.39269).
Background Google Earth™ image was acquired on 31 August 2010 while the overlaid pixels are
all 500 m pixels within the six 1 km detection footprint detected on 1 February 2019, DOY 032.
Colored boundary lines outline the area encompassed by nine 1 km active detection pixels (Table 1,
Cluster ID 2). Colored outlines mark the high (red), moderate (yellow) and low (green) and poor (white)
probabilities of subpixels containing active fire(s). Gas flares (within blue ovals) are evidently closest to
the contiguous high probability locations and further away from the poor probability locations. Out of
the six contiguous high probability pixels three do not have any obvious flare stack.

4.2. Wildfire Results

MODIS 1 km active fire detections overlapping with ASTER imagery over a savanna in Africa on
17 August 2001 are illustrated in Figure 3. A total of 72 MODIS 1 km active fire detections were observed
over the overlapping region. Application of the downscaling algorithm resulted in consideration
of 290 candidate 500 m pixels. Out of these 85 were assigned the highest probability, 27 moderate,
77 low, and 101 poor probability class by the downscaling algorithm. The 30 m ASTER fire detections
and the 30 m ASTER Channel 9 (2 µm) along with the 15 m ASTER NIR Channel 3N (0.8 µm) to
highlight the smoke in the southwest (Figure 3) are also shown for reference. The high and medium
probability 500 m pixels encompass obvious actively flaming fire fronts within the ASTER active fire
detections. Similar to the observations over the Iraqi gas flares, the high and medium probability pixels
evidently show actively flaming fire fronts. In fact, 73/85 (85%) high and 22/27 (81%) and moderate
probability pixels had at least one ASTER detection pixel, respectively. Overall about 85% of the
high and moderate pixels had at least one ASTER 30 m active fire detection pixel. Low and poor
probability pixels do not exhibit any visually obvious actively flaming fronts within the reflective band
observations. About 42% and 6% of the low and poor probability pixels, respectively had at least one
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ASTER 30 m detection. Omission errors are also visually evident in the imagery that may be due to
the difference in the fractional fire size as compared to the observation pixel, or from smoke/cloud
obscuration. These results and summaries are image-specific and are not representative of global
performance of the algorithm or MODIS active fire detection sensitivity.Fire 2019, 1, x FOR PEER REVIEW  8 of 15 
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Figure 3. Proof of concept results over a savanna fire in Africa on 17 August 2001, DOY 229. Illustrated (a)
30 m ASTER Channel 9 (2.3 µm) SWIR radiance with MODIS 1 km (crosshatched) detections. (b) 15 m
ASTER Channel 3N (0.8 µm) NIR reflectance. (c) ASTER fire detections (blue) superimposed with
MODIS 1 km detections. (d) Results of this work, pixels colored by their probability classes (high (red),
moderate (yellow) and low (green) and poor (gray)). Flaming fronts are visible within the MODIS
500 m pixels shaded red and yellow. No flaming fronts/ASTER fire detections are evident in the MODIS
poor (green) and low (gray) probability pixels.

Figure 4 illustrates application of the downscaling algorithm over the Ranch wildland fire in the
United States on 4 August 2018, superimposed on a high-resolution base imagery that was acquired
before and after the fire. The fire continued to burn beyond the illustrated day of detection and
continued to move towards the northwest. It is evident that the area under the high probability pixels
exhibit visible burn scars, while areas with lower probabilities over the dry riverbed show no burn
scar. Visible burn scars in the low probability pixels perhaps resulted from fires that occurred after
4 August 2018 and before 15 August 2018 when the base imagery was acquired
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Figure 4. Proof of concept results over the Ranch fire centered on 39.100141◦, W-122.717262◦ on 2 July
2018 before (top) the fire and 8 August 2018 after (bottom) the fire. Overlaid are the active fire detections
on 4 August 2018, DOY 216. Colored outlines mark the 500 m high (red), moderate (yellow), low (green)
and poor (white) probabilities of containing active fires. It is evident that the high probability 500 m
pixels show extensive fire damage while the low to poor probability pixels are less affected. Low and
poor probability pixels are distinctly visible over the dry riverbed. Base imagery from Google Earth™.

The performance of the downscaling algorithm under clear versus cloudy sky conditions on
different days is shown in Figure 5. This is the same wildland fire shown in Figure 4 but covering a
larger spatial extent (150 × 150 km) and encompassing the whole fire. Left panels show a false color
image using red (2.13 µm), green (0.85 µm), and blue (0.64 µm) band combinations. Top left panel
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shows MODIS acquisitions are on a clear day. As expected the highest probability pixels are clustered
near the center of the polygons surrounded by pixels with lower probabilities. This is expected because
the interior fire cores are hotter and so have higher radiance than at the periphery, and because fire
periphery pixels are more likely to include cooler non-burning surfaces [35]. It is evident that the
algorithm performs well during clear sky conditions by clearly delineating active fire fronts; however,
if the pixels are obscured by clouds and haze they are assigned low probabilities. The algorithm is
dependent on not just the 2.13 µm (SWIR) band but also the 0.85 µm (NIR) band that is sensitive to
smoke and aerosols, which can obstruct viewing of flaming fronts in these wavelengths.
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Figure 5. Proof of concept results for the Ranch fire 150 km × 150 km subset centered on N 39.03,
W 122.78 on 4 August 2018, DOY 216 (top) and 5 August 2018, DOY 217 (bottom). Left images are false
color composite using red (2.13 µm), green (0.85 µm), and blue (0.64 µm) reflectance bands. Under clear
skies (top), the downscaling algorithm assigns the high and moderate probabilities (red and yellow
respectively) to pixels with obvious flaming fronts (right image). The algorithm is less useful if the
active fires are obscured by smoke and or clouds and most pixels are assigned with a homogenous low
probability (green) (bottom left image).
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5. Discussion

This work presents the development of a downscaled 500 m active fire product using the 1 km
MODIS Aqua and Terra daytime detections. The algorithm leverages reflectance-based active fire
detection techniques and adapts established algorithms to assign probability class pixels within the
1 km MODIS active fire detection footprint. Performance of the active fire algorithms is assessed
quantitatively and qualitatively using detections over static gas flares and over wildland fires. Over 84%
of MODIS active fire detections with evident actively flaming fronts or flare stacks were correctly
assigned to the high probability class in the two sites examined in this study. The algorithm also
assigned low probability values to pixels with no clear evidence of active fires in any of the 500 m
subpixels. Visual inspection of the spatial distribution of the 500 m downscaled pixels suggest that
the highest probability pixels are clustered near the center and are surrounded by pixels with lower
probabilities. This is expected behavior of active fire detection algorithm given that the fire interior
cores are hotter and have higher radiance values as compared to the fire periphery, and that the fire
periphery pixels are more likely to include cooler non-burning surfaces [35]. Results clearly indicate
that the algorithm performs well under clear sky conditions for our selected test sites.

The performance of the algorithm may be influenced by the relative distribution of fire sizes
and temperatures within the detector footprint. Simulations [36] have shown that even a small fire
(0.5% of pixel footprint) burning at a high flaming temperature will show significant SWIR elevation;
however, such effects are less pronounced for large fires that are smoldering at lower temperatures.
The performance of the active fire detection algorithm is further impacted by atmospheric effects
including scattering, obscuration, and may be limited by sensor characteristics including geolocation
errors, and sensor point spread functions. It should be noted that MODIS’s off nadir active fires
observation footprints are much larger and can detect only sufficiently hot and large fires [9,58,59].
The subsequent resampling to 1 km in the Level 3 product may introduce errors of commission and
can influence this downscaling algorithm. Irrespective of the pixel size, the downscaling algorithm
has the potential to reduce the spatial uncertainty to half of the original footprint. This can be seen
in Figure 5 (bottom) where despite the larger pixels size (lower spatial detail even in cloud free
regions) in the off-nadir observations, the downscaling algorithm reduces the spatial uncertainty when
possible. Although the downscaling algorithm can only improve fire location probabilities under
clear day conditions, the sensitivity of the downscaled active fire product is the same (50% probability
of detection for ~100 m2, flaming ~1000 K) as for the 1 km active fire detection of the MODIS 1 km
detections [2,45].

6. Conclusions

A downscaled active fire product can potentially reduce the location and area uncertainty by
one half and one fourth respectively is derived using the operational 1 km product. The algorithm is
applicable to both MODIS and the Sentinel 3 A and B satellites that are currently in orbit. The Sentinel
satellites have the required 1 km 3.7 µm emissive band (S7, F1) for active fire detection capability [34]
and the reflective 500 m 2.2 µm band (S6) and a 0.86 µm band (S3) [33] required for downscaling.
It is expected that the downscaling algorithm could be directly applicable to the Sentinel 3 A and B
satellites although they have slightly different central wavelengths (2.25 µm, 0.86 µm) and spectral
response as compared to MODIS. This direct applicability is expected because thresholds used in this
algorithm are locally adaptive and are relative to their neighbors. This can potentially augment the
twice daily MODIS active fire data globally.

This downscaled product will find use for near real-time application by first responders and fire
management personnel who need active fire maps with enhanced spatial resolution and will also
prove useful for researchers in the fire science community. Active fire detections have been shown to
be correlated [41] well with burned area and such downscaled active fire product may find immediate
application in such studies. Furthermore, improved spatial resolution will help studies investigating
and monitoring active fire locations and its proximities to wildland urban interfaces [60]. Currently,
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within the United States there are three national burn mapping projects that could potentially benefit
from the higher spatial resolution active fire mapping, including the Monitoring Trends in Burn
Severity (MTBS) [61], Burned Area Essential Climate Variable (BAECV) [62], and LANDFIRE [63].
MTBS currently uses the Integrated Reporting of Wildland Fire Information (IRWIN) [64] database to
access geospatially referenced wildland fire locations. The IRWIN database reduces the amount of
duplication in fire reporting, but because it is dependent on government agencies reporting fires, it can
miss fires in areas where fires are not regularly reported. Underrepresented fires can be especially
problematic where there are large amounts of prescribed fires on nonfederal lands. MTBS could
potentially integrate the downscaled active fire product into its mapping to better separate large burned
areas present within the central and southeastern US. MTBS does not map all fires on nonfederal
lands and only fires that are greater than 404 ha in the western and greater than 202 ha in the eastern
US. The BAECV data products attempt to map all fires visible in Landsat 30 m imagery within
the conterminous United States [62]. Although the BAECV burned area product has reasonable
accuracy there are some potential problems with commission errors [65]. These commission errors
could potentially be reduced, by considering only those BAECV burned areas that intersect active
fire detection footprints with high probabilities. Both MTBS and BAECV are incorporated into the
LANDFIRE disturbance mapping process [66], with MTBS used as a disturbance and BAECV used
to inform disturbance causality (i.e., fire). The coarse resolution of the active fire detection makes
it unlikely that it will be used as a disturbance layer such as MTBS; however, downscaled MODIS
and Sentinel 3 active fire detections could be used similarly to BAECV by informing LANDFIRE
disturbance causality.
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