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Satellite-based active fire detection
Satellites have been used to attempt fire detection for decades with the longest running efforts
made using the Advanced Very High Resolution Radiometer (AVHRR) series of satellites and the
Geostationary Operational Environmental Satellites (GOES). Other notable efforts for fire
detection have been made using the Defense Meteorological Satellite Program Optical Linescan
(DMSP-OLS), the Along Track Scanning Radiometer (ATSR), and the Tropical Rainfall Monitoring
Mission (TRMM) Visible and Infrared Scanner (VIRS). Although useful, none of the
aforementioned sensors were designed for detecting fire; they are all intended for
meteorological studies of clouds and related phenomena but have been pressed into service as
fire detection tools. As discussed in this paper, the most recent, and by far the most successful,
instruments used for thermal anomaly mapping have been the Terra and Aqua platforms of the
Moderate Resolution Imaging Spectrometer (MODIS) instruments. This paper evaluates the
utility of MODIS for fire detection in KFCP.
All of the active fire detection systems make use of Planck’s Law of blackbody radiation.
Specifically, they utilise the fact that radiation in the mid-infrared (MIR) and thermal-infrared
(TIR) wavelengths respond in a characteristic proportional relationship during biomass
combustion to distinguish probable pixels with fire from a background of pixels without fire. If a
portion of a pixel is burning, the radiance in the MIR range should increase to a much greater
degree than that of the TIR wavelengths. Based on this relationship a threshold can be used to
flag unusually hot pixels. Although simple in concept, the setting of thresholds is complicated by
the specifics of sensor spatial and spectral resolution, relative sun-sensor angles, vegetation
types, clouds and water effects.
MODIS-based active fire detection
In the case of MODIS, the 4-and 11- m channels (T4 and T11) are the respective MIR and TIR
values that are compared to flag potentially hot pixels. The Kalimantan Forests and Climate
Partnership (KFCP) utilises the Global Fire Information Management System (GFIMS) as an initial
source of detected thermal anomalies that may represent fires within the study region. GFIMS
itself draws upon the MODIS Rapid Response products for its depictions of potential fires.
A MODIS active fire detection represents the center of a 1km (approx.) pixel flagged as
containing one or more actively burning hotspots/fires (http://earthdata.nasa.gov/data/nrtdata/help/faq#rapid). The fires are detected using data from the MODIS instruments onboard
NASA’s Aqua and Terra satellites. The satellites take a ‘snapshot’ of events as they pass over a
location. In the KFCP region, the day and night overpass times are approximately 10:30 (22:30)
for Terra and 13:30 (01:30) for the Aqua platforms. In most cases, MODIS fires are vegetation
fires, but there can be false detections for a variety of reasons. There is no way of knowing
which type of thermal anomaly is detected based on the MODIS data alone.
Active fire detections are processed using the same algorithm as the standard MODIS
MOD14/MYD14 Fire and Thermal Anomalies product. Fire detection is performed using a
contextual algorithm that exploits the strong emission of MIR from fires. The algorithm examines
each pixel of the MODIS swath, and ultimately assigns to each one of the following classes:
missing data, cloud, water, non-fire, fire, or unknown (Giglio et al. 2003).
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For the purposes of evaluating the utility of the GFIMS outputs by the KFCP for fire monitoring, it
is useful to have a basic understanding of how the particulars of the MODIS satellites and their
data processing can influence fire detection potential in the study area. Of particular interest are
the orbital overpass times and repeat periods, viewing geometry, cloud/water masking and
contextual classification.
1.

Orbital influences

As previously mentioned, the nominal equatorial daytime overpass times of the Terra and Aqua
satellite sensors are 10:30 and 13:30, respectively. The difference in overpass times can be
important for fire detection because of the diurnal nature of fire behavior, which generally peaks
in intensity later in the day when ambient conditions tend to be hotter and drier (Giglio 2007).
This is part of the reason that the Aqua sensor tends to detect many more fires than the Terra
sensor in tropical locations. Although this is generally the case, it does not appear to hold true in
KFCP where there seems to be more active fire detections from the Terra sensor, which may be
related to both the burning characteristics of fires in the area and the combination of vegetation
and cloud dynamics in the region.
Given the location of KFCP near the equator it is also crucial to recognise that neither of the
MODIS sensors passes over the site on all days (Figure 1). There are temporal gaps in MODIS at
low latitudes and the viewing geometry of MODIS also changes with each overpass. Specifically,
each sensor will have 5-6 missing records for the study site each month (Cheng et al. 2013). In
other words, if the Terra satellite is being relied upon for detection of fires in KFCP, then at least
one and possibly 2 days of a given week there will be no overpass, therefore no detections are
possible. This explains some of the ‘missed’ detections.
Figure 1. Illustration of daily swath of MODIS/Terra for September 27 2012. Both Terra and Aqua leave gaps at the
equator but the swath positions change on every overpass so that the KFCP study site will be imaged differently
each day or even missed entirely.
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2.

Viewing Geometry

MODIS instruments are in a polar orbit and although the overpass time is a constant at each
latitude, because of the aforementioned orbital gaps, the relative position of the sensor to a
given location on the ground changes with each overpass. In addition to the periodic missed
passes, different locations within KFCP are not ‘seen’ in the same way by the sensor on each
pass. If the sensor passes directly overhead then the nominal square spatial resolution of 1-km
exists. However, if the location of interest is toward one edge or the other of the MODIS swath
then the ‘pixel’ is an elongated trapezoid that includes more than 1 km2 of area. At the edges,
view angles can approach 65 degrees and the actual viewed area may exceed 4 km2 (see Figure
2). Although the imagery is subsequently gridded to 1 km2, any one observation may be
recorded from multiple pixels due to the spatial overlaps of the skewed geometry. In the
gridding process, 9 percent of observations may not be assigned to any cells, roughly 50 percent
will be assigned to a single cell, but the remaining 41 percent will be assigned to between 2 and
8 pixels (Tan et al. 2006). In practice, what this means for fire detection is that fire detection
sensitivity will be decreased towards the swath edges and the spatial accuracy of fires that are
detected will be degraded, potentially resulting in multiple detections of the same fire in
locations where no actual fire exists.
Figure 2. Although the MODIS grid product is nominally 1-km, the collected data has variable resolution depending
on the view angle. Imaging geometry causes normal fire detections near the swath edges to potentially be missed
or attributed to multiple pixels as a function of the gridding process.

3.

Cloud/water masking

Before MODIS imagery is evaluated for potential thermal anomalies it is first assessed for the
presence of water (Figure 3) and clouds to mask out these potentially confounding cover types.
The cloud masking is based off methods developed for AVHRR (Stroppiana et al. 2000).
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For daytime passes, a set of logical conditions are assessed for the 0.65-m, 0.86-m, and 12m channels (0.65, 0.86 and T12, respectively). Specifically, a pixel is flagged as being cloud by the
masking algorithm if any of the following conditions exist:
1.
2.
3.

(0.65 +0.86) > 0.9
or
T12 < 265 K
or
(0.65 +0.86) > 0.7 and T12 < 285 K

During nighttime passes, pixels are flagged as being cloud if the single condition T12 < 265 K is
satisfied (Giglio et al. 2003). Water is masked from all imagery based on a standard MODIS water
mask which may periodically be updated.
The masking process is known to accurately mask larger, cooler clouds but consistently misses
smaller clouds and cloud edges. Water masking is also designed to reduce false hotspot
detection caused by sun glint off of these surfaces.
This process is important for fire detection within KFCP because the variable nature (changing
with every overpass) of the cloud masking can periodically excise areas of the region from the
possibility of evaluation for hotspots, making detection of any fires in these areas impossible.
Furthermore, the known inability of the mask to detect smaller clouds is likely to make fire
detections degrade in the afternoons as convective clouds and smoke plumes become more
prevalent. These small cloud/smoke features directly obscure the radiant energy coming from
the fires from the MODIS sensors if they cover them but, they can also falsely yield lower
temperatures for a pixel due to the inclusion of cooler cloud top temperatures in the overall
average for a given 1 km2 pixel area. This latter factor may explain why the Terra satellite, which
has earlier overpasses, seems to better detect fires in the KFCP than the later Aqua satellite
overpasses when fires are expected to be more intense. This detection pattern is opposite from
what has been observed in the Yucatan (Cheng et al. 2013) and across the tropics in general
(Giglio 2007) where afternoon fires a better detected.
Figure 3. MODIS standard water mask.
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4.

Fire detection

As with other fire detection systems, MODIS makes use of the large differential radiance
response between MIR and TIR bands that occurs during temperatures typical of the combustion
processes, as related in the Planck function (Dozier 1981). Fire detection depends on a
substantial increase in the MIR (4-m, T4) bands in both an absolute sense and relative to the
response observed at 11-m (TIR, T11).
In the initial screening for potential fire pixels, daytime pixels are flagged if T4 >310 K, 0.86 <0.3
and T >10 K all exist, where T = T4-T11. For nighttime pixels, the 0.86 reflective test is omitted,
and the T4 threshold is reduced to 305 K. Any pixels that fail these tests are classified as non-fire
pixels.
Subsequently, a threshold test, as per Kaufman et al. (1998), is used to determine if thermal
anomalies should be considered as potential fires. This absolute threshold is T4 >360 K (T4 > 320 K
at night). The aforementioned daytime reflective test compensates for sun glint on water that
can otherwise cause false detections.

Figure 4. Depiction of the process used to initially screen for potential fire pixels.

8

5.

Contextual classification

For all of the thermal anomaly pixels, a ‘background characterization’ is made to put the pixel in
context on the landscape. The background is a square of pixels surrounding the potential fire
pixel. The square is increased in size until at least 8 pixels (25 percent or more of all pixels) are
deemed adequate (valid), with no pixel further than 20 km from the center pixel being
considered (i.e. 21 x 21 pixels). Due to the triangular along-scan response of MODIS, the two
alongscan pixels adjacent to the potential fire pixel are excluded. Pixels in the cloud and water
masks are also excluded, as are potential ‘background fire pixels’. Background fire pixels are
defined for daytime observations as being those having T4 >325 K and T >20 K, while for
nighttime observations, T4 >310 K and T >10 K are used.
After determining the ‘valid’ background (Nv) and ‘background fire’ pixels (Nf), several statistics
are then derived for each class. Specifically, the mean value (T) and mean absolute deviation ()
for T4, T11 and T of the valid (Nv) and background fire (Nf) classes are calculated. These values
are subsequently used for contextual classification of the threshold detected fire pixels to
further refine the active fire product. Five contextual tests are applied, with the first three used
to isolate the potential fire pixel from the non-fire background. The fourth contextual test is
potentially problematic for the KFCP work as it is specifically designed to attempt to reject small
convective cloud pixels because they can appear warm at 4-m due to reflected sunlight, while
remaining cool at 11-m. Although this procedure likely prevents some false fire detections it is
also likely to omit many potentially detectable fires in the KFCP given the fire dynamics we’ve
observed in this region. The test also includes 11 values, meaning that it has the potential to
reject detection of very large fires. The fifth contextual test attempts to correct for this by
disabling the fourth test when other metrics indicate large fires may be underway.
For the purposes of the KFCP study, the MODIS active fire product may be underperforming,
especially in afternoon fire detections, due to the contextual classifier that is employed as part
of the standard product used in GFIMS (Figure 5). This is potentially of concern because, in a
recent study of MODIS active fire detections of known surface fires in the Mexican Yucatan,
Aqua (19 percent) detected five times as many fires as Terra (<4 percent). Three-quarters of all
fires were not detected by either sensor. Therefore, within KFCP, it is likely that the GFIMS data
represent a conservative estimate of the number of fires occurring in the region.
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Figure 5. Schematic of the MODIS Enhanced Contextual Fire Detection Algorithm employed for daytime overpasses.
Note, for nighttime overpasses, steps 5 and 6 are omitted.

Conclusions
The MODIS active fire product is likely the best remote sensing product available for detecting
fires within KFCP. However, this tool needs to be understood in order to be properly used. While
incredibly useful, the GFIMS data are most likely only showing a fraction of the actual fires that
have been occurring within the KFCP area. As such, the data are useful for directing the KFCP fire
team in their investigations, but it should be expected that evidence of many undetected fires
will be found and a few false detections will also occur on the overpass swath edges. For this
reason, whenever possible, the fire team and all researchers operating in KFCP should report the
time and location of all observed fires to both provide more quantitative information on regional
fires, and to act as a dataset for assessing actual MODIS fire detection sensitivity in the KFCP.
The current procedure of retrospectively using Landsat imagery in order to supplement MODIS
data in mapping burned area within KFCP can also be used to further assess the MODIS
underdetection of burning.
In summary, the MODIS active fire product is likely to miss detecting fires (omission errors) for
several reasons other than the simple fact that small or smoldering fires may radiate insufficient
amounts of energy to permit detection. Reasons for underdetection include: 1) orbital overpass
times that may not coincide with periods of burning and orbital gaps that mean no data exists
once or twice per week for each sensor, 2) viewing geometry artifacts which will tend to
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misallocate many potential fire detections to multiple pixels, potentially reducing the apparent
energy below absolute or contextual thresholds, 3) cloud masking that can obscure fires within
KFCP and may be weighted more in the afternoons, and 4) contextual classification algorithm
implementation, particularly with regard to the 4th contextual test that is designed to reject
areas with small-scale convective clouds (or well-defined smoke plumes). Reasons for possible
misdetection (commission errors) of fires that don’t exist within KFCP include: 1) a potentially
erroneous water mask that could allow for sun glint artifacts from time to time, and 2) viewing
geometry that may allocate a single fire detection to as many as 8 pixels, thereby potentially
placing the ‘detected’ fire in multiple erroneous locations when a fire occurs near the edge of an
overpass swath.
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