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Abstract: In contrast with current operational products of burned area, which are generally available
one month after the fire, active fires are readily available, with potential application for early evaluation
of approximate fire perimeters to support fire management decision making in near real time. While
previous coarse-scale studies have focused on relating the number of active fires to a burned area,
some local-scale studies have proposed the spatial aggregation of active fires to directly obtain early
estimate perimeters from active fires. Nevertheless, further analysis of this latter technique, including
the definition of aggregation distance and large-scale testing, is still required. There is a need for
studies that evaluate the potential of active fire aggregation for rapid initial fire perimeter delineation,
particularly taking advantage of the improved spatial resolution of the Visible Infrared Imaging
Radiometer (VIIRS) 375 m, over large areas and long periods of study. The current study tested
the use of convex hull algorithms for deriving coarse-scale perimeters from Moderate Resolution
Imaging Spectroradiometer (MODIS) and Visible Infrared Imaging Radiometer Suite (VIIRS) active
fire detections, compared against the mapped perimeter of the MODIS collection 6 (MCD64A1)
burned area. We analyzed the effect of aggregation distance (750, 1000, 1125 and 1500 m) on the
relationships of active fire perimeters with MCD64A1, for both individual fire perimeter prediction
and total burned area estimation, for the period 2012–2108 in Mexico. The aggregation of active fire
detections from MODIS and VIIRS demonstrated a potential to offer coarse-scale early estimates of
the perimeters of large fires, which can be available to support fire monitoring and management in
near real time. Total burned area predicted from aggregated active fires followed the same temporal
behavior as the standard MCD64A1 burned area, with potential to also account for the role of smaller
fires detected by the thermal anomalies. The proposed methodology, based on easily available
algorithms of point aggregation, is susceptible to be utilized both for near real-time and historical fire
perimeter evaluation elsewhere. Future studies might test active fires aggregation between regions or
biomes with contrasting fuel characteristics and human activity patterns against medium resolution
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(e.g., Landsat and Sentinel) fire perimeters. Furthermore, coarse-scale active fire perimeters might be
utilized to locate areas where such higher-resolution imagery can be downloaded to improve the
evaluation of fire extent and impact.

Keywords: burned area; convex hull; burn scar; hot spots; rapid fire perimeter

1. Introduction

In spite of the large importance of burned area monitoring for carbon cycle and emissions
accounting [1], there is still much uncertainty in the area affected by biomass burning [2–5]. Two
types of satellite data products have been used for mapping fire occurrence: active fire and burned
area products [4]. Burned area products are generally based on reflectance changes [6] or on the
combination of reflectance with active fires [5,7–9], while active fires are based on thermal anomalies
detection [10,11]. Global burned area products [8] are utilized to feed the Global Fire Emissions Database
(GFED), combined with empirical relationships to estimate the contribution of small fires (not detected
by coarse-resolution burned area products) from Moderate Resolution Imaging Spectroradiometer
(MODIS) active fires [1,5,12].

Current operational products of global burned area [8] are generally available one month after the
fire, limiting their applicability for fire near real-time perimeter monitoring [13–15] which can be useful
for fire managers to make early evaluations of approximate fire extent and location. Unlike current
products of burned area data, observations of active fires made with spaceborne sensors are available
at least with a daily latency [11,16,17]. Therefore, available near-real-time active fires are often used as
an approximation to estimate burned area [1–3,12,16,18–22].

Several studies have attempted to relate the number of active fire detections with observed
monthly burned area from medium- to coarse-resolution sensors. Such analyses have ranged from
global studies, generally utilizing gridded active fire counts at pixels of 15 km to 0.5 ◦ [12,16,18,23,24],
to local scales, the latter generally calibrated against satellite burned area and/or field-measured fire
perimeters [3,25–27]. This approach has been generally acknowledged to be challenging [3,16] because
of variability in cloud cover, fuel, topography, weather and associated fire behavior, together with
issues related to spatial and temporal resolution of the imagery [3,4,25–29]. In addition, some authors
have also found that the relationships between the number of active fire detections and burned area
can be largely influenced by the size of the monthly cumulative active fire clusters [2,16].

Instead of using the number of active fire pixels, other studies, mainly at local scales, have
proposed to directly utilize the aggregation of active fire detections to delineate approximate fire
perimeters. Some studies have even tested such interpolations of conglomerates of active fires to
visualize the approximate advance of the perimeter of large fires [13,14,30–35] and to calibrate fire
propagation models [36–44]. Several techniques are being investigated for this aggregation approach,
including the direct aggregation or buffering of active fires (e.g., [30,31]), the inverse distance weighted
or the weighted mean and distance methods (e.g., [13]), kriging analysis (e.g., [14]), or the use of convex
hull algorithms applied to active fire clusters (e.g., [15,43]).

Currently, the majority of the literature relating active fire detections to burned areas has been
conducted with coarse-resolution sensors, mainly with 1 km resolution, such as Advanced very-high-
resolution radiometer (AVHRR) [19,25–27] or MODIS [3,14,30,32,33]. While those studies showed
that first-order burned area estimates can be obtained from 1 km satellite active fire data, it is widely
recognized that higher spatial and temporal resolutions are needed to explore the possibility of direct
fire perimeter mapping from active fires [31]. The more recently available Visible Infrared Imaging
Radiometer (VIIRS) aboard the Suomi National Polar-orbiting Partnership (S-NPP) satellite, launched
in 2011, offers greater potential for small fire detection, having a higher temporal and spatial resolution
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(375 m) [11,45,46]. Such enhanced characteristics of the VIIRS 375 m active fire product reopened the
possibility of direct rapid mapping of burned areas from active fire detection products [15,31].

In spite of this potential, studies testing the use VIIRS active fires for fire perimeter monitoring
are still scarce [15,31]. The study of Oliva and Schroeder [31] demonstrated the potential of VIIRS
active fires aggregation for mapping fire perimeters, in 10 selected local scenes at several countries
with contrasting vegetation types, in the year 2013. Although this study showed great promise for
the operational use of VIIRS active fires interpolation for burned area prediction, further testing
is required in different regions and seasons [31], at larger areas of study, both at individual fire
perimeter and regional or country total burned area levels. The approach tested in this study was
the direct aggregation of spatially contiguous pixels [30,31,47]. Other active fire cluster aggregation
techniques, such as the alpha shape algorithm, a generalization of the convex hull envelope developed
by Chiaraviglio et al. [32], have been recently tested, with promising results for individual fire perimeter
rapid delineation. The assessment of this algorithm for total burned area prediction based on MODIS
and VIIRS active fires [15], and the algorithm parameter optimization, are still ongoing tasks (Artés,
personal communication, 2019), for which a long-term evaluation against burned area records is still
required. In this sense, the optimization of active fire clustering algorithms requires a minimum of
domain knowledge to determine the input parameters and interpolate large databases with irregular
shapes with good precision [48]. To our best knowledge, we are not aware of previous studies that
have analyzed how the aggregation distance of MODIS and VIIRS active fires affects its potential to
estimate burned area both at the individual fire perimeter and total sum of burned area levels, over
large areas and long periods of study.

The current study is aimed at evaluating the potential of MODIS and VIIRS active fires aggregated
perimeters to estimate monthly burned area in Mexico for the period 2012–2018. The study analyzed
the role of the aggregation distance of MODIS and VIIRS active fires in the prediction of burned area, as
measured by the current standard MCD64A1 burned area product [8], both at individual fire perimeter
level and total sum of burned area, in Mexican forest lands.

2. Materials and Methods

2.1. Study Area, Burned Area and Active Fires Data

The study area included the natural forest vegetation of Mexican territory. Areas corresponding
to agriculture, water bodies and human settlements were excluded from the analysis, according to
the most recent Land-Use Map VI (1: 250,000) from the National Institute of Geography and Statistics
(INEGI) [49] (Figure 1). Note that here the term “forest” is used in a broad sense. In fact, Northern
Mexico and Baja California natural vegetation areas comprise a mix of shrubby and wooded vegetation,
the former being by far the dominant cover in both regions [50].

The period of study was from January 2012 to June 2018. While fire season in Mexico is mainly
concentrated in the months of March to June [51,52], burned area and active fires from all months in
the period of study were considered. Monthly burned area perimeters from the study period were
downloaded from the FTP server of the University of Maryland. Burned area perimeters corresponded
to the collection C6 burned area (MCD64A1) at a spatial resolution of 500 m [8]. Details about the
burned area product are included in the user guide (http://modis-fire.umd.edu/files/MODIS_C6_BA_
User_Guide_1.2.pdf). The active fires from the Moderate Resolution Imaging Radiometer Spectrum
(MODIS, C6) [10] and the active fires data from the Visible Infrared Imaging Radiometer Suite (VIIRS,
V1, 375 m) [11], for the study period, were downloaded from the Fire Information for Resource
Management System (FIRMS, https://firms.modaps.eosdis.nasa.gov/download/create.php).

http://modis-fire.umd.edu/files/MODIS_C6_BA_User_Guide_1.2.pdf
http://modis-fire.umd.edu/files/MODIS_C6_BA_User_Guide_1.2.pdf
https://firms.modaps.eosdis.nasa.gov/download/create.php
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Figure 1. Map of study area considering National Institute of Geography and Statistics (INEGI)
Land-Use Map Series VI (2014), 1:250,000. Forest areas are shown in green, agricultural areas in grey,
human settlements in black, water bodies in pale blue. Detections of MODIS and Visible Infrared
Imaging Radiometer (VIIRS) active fires from 2012 to 2018 in forest areas are shown in red. The location
of detailed window Figures 4–8 are shown in turquoise, with the corresponding figure number in black.

2.2. Predicting Burned Area from Aggregation of Active Fires

Interpolated perimeters from the monthly accumulated active fires MODIS and VIIRS were
generated using a convex hull aggregation with the “aggregate points” tool in ArcGIS (ESRI; 2011,
Redlands, CA, USA) [53]. The convex hull algorithm delineates an area containing clusters of points
(3 points minimum) at a specified aggregation distance. Four aggregation distances, 750, 1000, 1125
and 1500 m, were tested for perimeter delineation. Tested distances were chosen based on the spatial
resolution of the active fires from VIIRS (375 m) and MODIS (1000 m). The minimum aggregation
distance was defined as two VIIRS pixels to account for possible errors in pixel geolocation. Interpolated
perimeters were compared with the coinciding burned areas perimeters of the C6 MCD64A1 product
that occurred in the same month, year and location. When two or more active fire interpolated
perimeters coincided spatial and temporally with a single burned area perimeter, the sum of their area
was considered for analysis. The delimitation of the aggregated perimeters from active fire data was
automated using the arcpy package included in the PyCharm 2019.3.1 software (JetBrains, 2017) [54].
The code is available upon request to the corresponding author, and can be utilized both for historical
data and near real time active fire perimeter delimitation.

The following models were tested to predict the MCD64A1 burned area from the aggregated
perimeter of the active fires at 750, 1000, 1125 and 1500 m using the following Equation (1):

BA = a·x (1)

where: BA: MODIS C6 MCD64A1 burned area (ha); a: model parameter; x: aggregated perimeter of
active fires (ha), respectively.

The models were tested at two levels: (1) individual fire perimeter burned area; (2) total monthly
sum of burned area. The database for the period of study comprised a total of 5218 burned area
individual fire perimeters, with an average surface of 2305 ha and a standardized deviation of 3200
ha. For the monthly sum of burned area evaluation, a total of 79 monthly observations in the study
period were utilized. Total monthly sum of burned area averaged 73,622 ha, with a standardized
deviation of 122,749 ha. The models were fitted with linear regression using the command “lm” within
the R statistical platform (R Core Team, 2017 Vienna, Austria) [55]. Candidate models were evaluated
using the coefficient of determination (R2), root mean square error (RMSE) and model bias (average of
observed minus predicted values) [56]. In addition, the presence of heteroscedasticity was analyzed
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by use of the White test [57]. If observed, each observation would be weighted by the inverse of its
estimated variance, assuming that this variance can be modelled as a power function of the aggregated
perimeter of active fires (x) and optimizing the exponential term to provide the most homogeneous
Studentized residual plot. Anyway, this problem may affect the standard error estimate of parameter
a, but the least-square estimate of this parameter would remain unbiased and consistent even in the
presence of heteroscedasticity [58], therefore, while it might not be completely corrected, it would be
irrelevant in this study.

2.3. Case Study with Sentinel Fire Perimeters

An illustrative evaluation of the aggregated perimeters and MODIS burned area against Sentinel
perimeters was performed for 3 selected example fires from 2019 where field data to calibrate burned
area perimeter was available. Study areas were dominated with pine and oak forests with tree covers
ranging from <5% to 55%, combined with desert shrubland and natural pasture vegetation. Sentinel
2C pre- and post-fire surface reflectance images with the lowest cloud cover were downloaded from
Google Earth Engine utilizing a modification of the automated code from Parks et al. [59] for Sentinel.
The code requires the specification of initial perimeter location, which was defined from the aggregated
active fire perimeters. For the phenological correction to account for phenology-caused changes in
the burnt area indices [59], unburnt areas were defined as a buffer from 3 km to 5 km away from the
aggregated active fire perimeter, to account for potential geolocation and active fire cloud obscuration
errors. The phenologically corrected difference normalized burn ratio (dNBRcorr) [59] was calculated
utilizing Sentinel 2C bands 12 and 8a (https://developers.google.com/earth-engine/datasets/catalog/

COPERNICUS_S2_SR#bands, accessed June 24, 2020). Based on 100 field plots in the selected fires, the
threshold of burnt area was defined as a dNBRcorr >100 for the areas of study. Agreement, commission
and omission errors were evaluated for both the aggregated active fire and MODIS burned area for the
3 selected example Sentinel perimeters.

3. Results

The goodness of fit of the models to predict burned area from aggregation distances of active fires
varied between the considered aggregation distance (Table 1). The best goodness of fit for the linear
function for individual fire prediction were obtained for the distance of 1125 m, which also showed the
a coefficient value closest to 1 (Table 1) and a bias value closest to 0, (a slight average underestimation
of −9 ha). For 750 and 1000 m, a coefficient values were higher than 1, agreeing with positive values of
the bias (i.e., underestimation), whereas values of 1500 m of aggregation resulted in an overestimation
of the individual fire level burned area (Table 1).

Table 1. Coefficients and goodness-of-fit statistics of the best models for predicting burned area by
aggregation distance.

Agg.
Dist. (m)

Individual Fire Total Monthly Sum of Burned Area

Coefficient Goodness of Fit Coefficient Goodness of Fit

a R2 RMSE (ha) bias (ha) a R2 RMSE (ha) bias (ha)

750 1.7313(±0.0531) 0.41 1368 65 1.2240(±0.0308) 0.94 28,799 8625
1000 1.2657(±0.0277) 0.50 1231 18 0.7510(±0.0186) 0.94 29,406 9851
1125 1.1355(±0.0223) 0.54 1185 −9 0.6060(±0.0178) 0.92 34,917 12381
1500 0.8150(±0.0158) 0.41 1315 −55 0.3268(±0.0110) 0.89 40,540 14837

Where: Agg. Dist.: aggregation distance (units in meters); Coefficient a: is the parameter estimated by the adjusted
function (Equation (1)) for the prediction of burned area from the aggregation of active fires (standard coefficient
error in parentheses); R2: coefficient of determination; RMSE: root mean square error (units in ha); bias: model bias
(units in ha).

For the adjustment of the monthly sum, the best goodness of fit statistics were obtained for
distances of 750 and 1000 m, with an adjusted R2 = 0.94, followed by the distance of 1125 m with

https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR#bands
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR#bands
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R2 = 0.92. The weakest model for total burned area prediction from MODIS and VIIRS active fires was
obtained with the 1500 m aggregation distance, with R2 = 0.89 (Table 1). Predicted against observed
values for both individual fire perimeter area and total burned area are show in Figure 2. Note that
predicted values in Figure 2 are the result of multiplying the aggregated perimeter area by Equation (1)
coefficient a (Table 1).Remote Sens. 2020, 12, x FOR PEER REVIEW 6 of 20 

 

 

Figure 2. Predicted burned area, utilizing Equation (1), from aggregation of active fires at 750, 1000, 
1125 and 1500 m against observed burned area from MCD64A1 for individual perimeters (left figures) 
and for total sum of burned area (right figures). PRED: predicted burned area (ha); OBS: observed 
MCD64A1 burned area (ha); dotted black line represents the 1: 1 line and solid gray line represents 
the observed and predicted correlation regression line. Point density is shown in a blue gradient, 
representing the number or observations by each plot square division. Plot divisions, of 103 and 104 
ha for individual and total burned area, respectively, are shown in grey. 

Figure 2. Predicted burned area, utilizing Equation (1), from aggregation of active fires at 750, 1000,
1125 and 1500 m against observed burned area from MCD64A1 for individual perimeters (left figures)
and for total sum of burned area (right figures). PRED: predicted burned area (ha); OBS: observed
MCD64A1 burned area (ha); dotted black line represents the 1:1 line and solid gray line represents
the observed and predicted correlation regression line. Point density is shown in a blue gradient,
representing the number or observations by each plot square division. Plot divisions, of 103 and 104 ha
for individual and total burned area, respectively, are shown in grey.
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The temporal evolution of the observed and predicted total monthly burned area with an
aggregation distance of 1125 m in the period of study is shown in Figure 3. The highest values of
burned area were observed in the months of April and May, particularly in the years of 2013, 2012 and
2017, which have been documented to be dry years in Mexico, in addition to human ignition pattern
factors affecting fire occurrence [51,52].
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Examples of MODIS MCD64A1 burned area and aggregated active fire perimeters for different
aggregation distances are shown in Figure 4. Some detailed individual fire perimeters are shown in
Figure 5, including the day of detection of each active fire. Coloring active fires by day can allow
the daily fire progression to be monitored, which can be useful for supporting near real-time fire
monitoring and fire management decision making (e.g., [14,15,43]).

Some examples of potential limitations of the aggregation algorithm from active fire data are
shown Figure 6. Figure 6a,b illustrate the need for avoiding potential overestimating artifacts, obtained
in some areas with an aggregation distance of 1500 m (Figure 6b), compared with the potential ability
of the aggregation distance of 1125 m (Figure 6a) to differentiate small fire events from each other,
particularly in areas where small burns from agricultural expansion, frequent in Mexico (e.g., [52]),
dominate the landscape. An example of potential burned area omissions, given the absence of active
fire detections in a cloudy tropical forest area, is shown in Figure 6c. Finally, an example of observed
fire perimeter potential underestimation in a fast fire occurring for a short period of time in an arid
open area of desert shrubland is shown in Figure 6d.

It might also be possible that some lack of agreement could be due to commission errors of the
MCD64A1 product [8], such as potential confusion with agricultural clearings (e.g., Figure 6c), or
possible phenological drying of a desert shrubland (e.g., Figure 6d). An analysis against field-calibrated
higher-resolution (e.g., Landsat, Sentinel) fire perimeters is required to further clarify and quantify
in more detail the omission and commission errors of both MCD64A1 burned area and active fire
aggregated perimeters and will be conducted in future studies. At the moment, lack of field information
about the most appropriate vegetation type-specific thresholds for burned area and severity monitoring
in Mexico has prevented the development of a large medium scale dataset of burned area and severity
at a national level (e.g., [60,61]). Towards this end, an ongoing research project [62] is currently
quantifying fire severity in the field with the aim to calibrate Landsat and Sentinel imagery for burned
area and fire severity mapping in Mexico. Available information from this ongoing research project
currently includes field calibrated Sentinel fire perimeters for some of the largest and most intense fires
of 2019 in the state of Durango, NW Mexico [63], (location shown in Figure 1), including a very large
fire of 29,329 ha (Figure 7a) and two twin fires of 12,142 and 2631 ha (Figure 7b).
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Figure 4. Examples of burned area from selected fire perimeters from May 2012, mapped using active
fire data at different aggregation distances 750 m (a,e); 1000 m (b,f); 1125 m (c,g) and 1500 m (d,h) and
MCD64A1 burned areas. Monthly active fire detections are shown in red points, predicted area in
yellow, MCD64A1 burned area is shown in black and the agreement between predicted and observed
area is shown in blue.
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Figure 5. Examples of aggregated active fires perimeter and MCD64A1 burned area at different
aggregation distances for selected fires occurring in May 2018 (a–d) and April 2017 (e–f). Daily active
fire detections are shown in color multiband from green to red, predicted area is shown in solid red line
and MCD64A1 burned area is shown in solid black line. Numbers in squares show the corresponding
burned area (ha) for both the MCD64A1 (black) and active fire aggregated (red) fire perimeters.
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Figure 6. Examples of errors of aggregation of active fires with 1500 m (b–d) and 1125 m (a) aggregation
distances. Selected examples correspond to May 2012 (a,b), June 2013 (c) and April 2012 (d). Monthly
active fire detections are shown in red points, predicted area in yellow, the MCD64A1 burned area is
shown in black and the agreement between predicted and observed area is shown in blue.

An illustrative case study comparing the performance of both MCD64A1 burned area and
aggregated active fire perimeters, against selected examples of available field-calibrated Sentinel S2
fire perimeters from this ongoing research project, is shown in Figure 7.

The observed percentage of agreement of the aggregated active fire perimeters with Sentinel
reference perimeters for the selected fires of 29,329 (Figure 7a) 12,142 (Figure 7b, right) and 2631 ha
(Figure 7b, left) were 93%, 88% and 96%, respectively. For the MCD64A1 burned area, this agreement
was 85%, 82% and 80%, respectively. Aggregated active fires seemed to slightly expand some of the
finer perimeter extent not captured by the MODIS MCD64A1 burned area (green area in Figure 7),
possibly because of the finer VIIRS spatial resolution of 375 m, while also resulting in some commission
errors in this outer extent compared to the 10 m perimeter (in brown, Figure 7), as common with any
coarse-resolution data, that should always be interpreted as an approximate location of fire. In this
sense, both products had some commission errors (in orange, Figure 7), mainly for the unburnt islands,
often located in some of the wettest streams, that have spatial resolutions that are not possible to be
captured with any coarse-resolution optical data and are only visible at the 10 m resolution.

Finally, regarding the near real time applicability of the proposed aggregation technique, it is
important to stress that it can be utilized at finer temporal intervals, potentially allowing to visualize
approximate daily fire perimeters for fire progression monitoring in near real time [13,32,43]. An
illustrative example of aggregated daily fire perimeters from daily active fire detections is shown in
Figure 8.
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Figure 7. Comparison of MCD64A1 burned area (BA) and aggregated active fire perimeters (AGAF)
(at 1500 m,) using a field calibrated Sentinel S2 fire perimeter as reference data for selected 2019 fires
in Santiago de Bayacora (a) and Tepehuanes (b) in Durango, NW Mexico. Agreement of both BA
and AGAF with reference Sentinel perimeter is shown in black. Omission and commission errors
for BA only (i.e., correctly detected by AGAF but not by MCD64A1 BA) are shown in green and red,
respectively. Omission and commission errors for AGAF only (correctly detected by BA) are shown in
blue and brown, respectively. Areas with omission and commission errors for both BA and AGAF are
shown in purple and orange, respectively.
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1500 m of aggregation distance. Daily fire progression and daily (April 2017) active fire detections are
shown in color multiband from green to red, daily fire perimeters are shown in dotted black lines and
the total fire perimeter is shown in solid red line.

4. Discussion

The current study demonstrates the potential of aggregating MODIS and VIIRS active fire
data for large fire perimeter evaluation, both for individual fires and total burned area estimation.
Unlike previous studies that have mainly focused on either individual fire perimeters, mainly at local
scales [25,31] or total burned area, the latter generally at global scales [1,2,16], our study evaluated
the performance of active fire aggregation for both levels of analysis, over a large area of study and
study period.

While the spatial precision of the interpolated active fire coarse perimeters needs to be treated
with caution, given the spatial resolution of currently available active fires, they can provide useful
information regarding the approximate extent and location of large fire progression in near real
time [13,14,32,43]. These early initial early estimates can be helpful in orienting operational near
real-time fire management decision making [39,64]. Furthermore, these interpolated perimeters can
allow researchers to initialize and calibrate fire propagation models to support in operational real-time
decision making [38,40,43,65,66].

Interestingly, aggregated MODIS and VIIRS perimeters showed a good capacity for detecting
some small active fire clusters, not detected by MODIS burned area products. This might be partially
explained by the ability of thermal-based active fires to detect some smaller fires that are not captured
by coarse scale reflectance based burned area products, the latter being additionally subject to other
limitations such as confusion with agricultural lands, forest clearings or to the effect of phenological
changes [5,6,8,12]. In addition, this might be explained by the higher spatial resolution of VIIRS that
might result in a higher capacity to detect smaller fires compared to MODIS burned area. While
aggregated active fire perimeters might contribute to partially improving the initial coarse estimates of
some of those smaller fires compared to currently available coarse burned area products, the use of
higher-resolution imagery is still advised for obtaining a more detailed quantification of small fires
perimeters [5,67–70]. Nevertheless, given the lower temporal latency of such higher-resolution satellite
images [70], early aggregated fire perimeters can serve as an initial, interim, coarser scale rapid first
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estimation of fire extent, that can be refined later when higher resolution imagery is available. Future
studies should quantify the potential of small fire detection of aggregated perimeters against such
higher resolution imagery.

Best aggregation distance might be interpreted as an indirect indicator of the average fire spread
potential, given the time revisiting of utilized satellites (which have two detections per day). While, on
average, a distance of 1125 m best described the mean observed spread of the majority of the individual
fire perimeters analyzed, fast-spreading fires might be better described with longer aggregation
distances (e.g., Figure 6d). Future studies should analyze potential variations in optimal aggregation
distances between fuel types, potentially allowing to capture differences in fire spread potential under
varying levels of fine fuel availability [4,6,16,18].

The best aggregation distance obtained for individual fire perimeter prediction in the current
study (1125 m) is similar to the value of 1000 m utilized by Henderson et al. [30] and Salmon et al. [47],
although their approach consisted of creating a buffer around active fire detections, in contrast with
the convex hull envelope utilized in the current study. The use of a buffer of 1 km around individual
active fires without any neighbor might result in an overestimation of burned area from those small
burns [22]. In contrast, for a convex hull envelope to be calculated, at least three active fire detections
at the specified aggregation distance are required, meaning that area calculation is performed for larger
fires that result in an active fire cluster only. While this might result in some small fires omission errors,
which are common to coarse-resolution sensors, we consider that such smaller fires are out of the
scope of application of the proposed technique, given the limitations of active fires detection and the
challenges in establishing sub-pixel burned area fraction [27,71]. In this sense, an accurate evaluation of
small fires detected only by 1 or 2 active fires might require the use of such higher-resolution satellites
(e.g., [60,61]) to more clearly differentiate forest fires of small extents from agricultural residues burns
adjacent to forest lands that do not affect forest area.

On the other hand, the best aggregation distance obtained for the current study is slightly lower
than the values of 1500 and 1875 m utilized by Hantson et al. [4] and Lizundia-Loiola et al. [9],
respectively, for creating clusters of MODIS active fires. The coarser spatial resolution of 1 km of
MODIS in comparison to the 375 m resolution of VIIRS utilized in combination with MODIS in
the current study, possibly results in the need to consider higher aggregation distances for the first
sensor. Future analyses could test the optimal aggregation distance for historical active fire perimeter
calculation from MODIS only, in years prior to 2012, which could be further analyzed against both
the MODIS C6 MCD64A1 burned area product [8] and also against the recently published FireCCI51
MODIS burned area collection [9] that covers the period 2001–2018 at 250 m resolution.

In our study, larger distances (i.e., 1500 m) for MODIS and VIIRS active fires aggregation resulted
in a global overestimation of fire perimeters (Table 1), and sometimes in the creation of artefacts by
merging two spatially adjacent fire events that occurred in the same month (Figure 4d,h and Figure 6b).
While some of these artefacts might be eliminated by including a narrower temporal constraint [9,72],
overestimations might still be possible by utilizing aggregation distances that are too large, particularly
in areas where simultaneous small agricultural burns are occurring [33], which are common in the
central and southern part of the country [51,52]. The use of larger aggregation distances in grass-
and shrub-dominated areas, as illustrated in Figure 6d, should nevertheless be investigated in future
studies to improve the perimeter delineation by accounting for fuel-specific variations in fire rate of
spread [25,29,73].

In addition, capabilities of active fires sensors need to be considered to acknowledge their potential
limitations [4,10,12]. Although the capacity to detect active fires, especially of VIIRS, can reduce false
alarms due to high tree cover, cloud shadows, sensor failures or other reasons [11,31,45], errors are
not totally excluded, affecting the number of valid observations [9]. In fact, this can be the main
limitation for analyses using optical data, especially in tropical landscapes [8,16,74], as illustrated
in Figure 6c, where active deforestation causes high ignition densities resulting in numerous small
fires of short duration not detected at a satellite pass [22], or covered by clouds [25,29]. To overcome
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this latter impediment by cloud obscuration, which is a common limitation to both active fires and
also reflectance-based algorithms of even high-resolution optical sensors [5,73], the use of radar
technologies for fire detection, potentially useful in areas with permanent cloud cover [5,74–77], should
be further explored.

In spite of limitations inherent to their current temporal and spatial resolutions, active fire
aggregated fire perimeters can serve as a near-real time early estimation of approximate large fire
extent which can be refined once more detailed products become available [16,31]. Furthermore, they
can identify the location of burned areas so that high-resolution imagery can be downloaded once
cloud-free images are available [15], possibly through the use of automated algorithms that require
approximate perimeter location and date as an input [59]. This can be particularly valuable for many
countries such as Mexico that currently lack a long-term dataset of high-resolution fire perimeters or
severity, calibrated and validated with field measurements of burned area and severity [60,61]. While
the initial illustrative comparison shown for selected available field-calibrated perimeters suggests
potential for the proposed technique to match both burned area and Sentinel perimeters for medium to
large size fires (and even to possibly improve detection against MODIS C6 MCD64A1 burned areas in
certain areas), further evaluation of commission and omission errors of both products, particularly for
smaller fire perimeters and across a variety of fuel types, will be conducted with more field-calibrated
Sentinel and Landsat perimeters when available.

Finally, to improve the ability of active fire data to delineate fire perimeters, other factors should
be considered in future studies. The relationship between the aggregated perimeters and the observed
burned area can be influenced, among many factors, by characteristics of fuels or tree cover [4,6,16,18] or
region of study [4,16,29,33] that determine the behavior of the fire, especially the rate of spread and fire
duration [25,29,73]. Future studies might analyze the role of such factors in comparison with Sentinel
or Landsat burn scars for producing more detailed fire perimeters, which can be potentially available
through operational Geographic Information System (GIS) interfaces to support fire management
decisions in near real time [78].

5. Conclusions

The current study analyzed the aggregation of MODIS and VIIRS active fires for the estimation of
monthly fire burned area, both at individual fire and total sum of burned area levels, over a relatively
large area of study and study period. The aggregation of active fires from MODIS and VIIRS for the
generation of fire perimeters demonstrated a potential to predict early approximate estimates of the
magnitude of individual fire size, particularly for large fires. Total estimated burned area followed the
same temporal behavior than the standard MCD64A1 burned area, demonstrating potential for first
order, approximate initial evaluations of both individual fire events and total burned area, susceptible
to be available in near real time to support operational fire-management decision making. This
approach might also be evaluated for emissions reporting, potentially accounting for some relatively
small fires, currently not detected by coarse burned area products, although further calibration with
high-resolution images such as Landsat and Sentinel should be analyzed for a detailed quantification
of the smaller burn scars.

The study found that, on a national level, the aggregation distance of 1125 m provided the best
results for predicting individual fire size, generally avoiding burned area underestimations present at
lower distances (750, 1000 m), and overestimation and false aggregation artefacts at higher distance
(1500 m). The proposed methodology can be used for both near real time and historical fire perimeter
evaluation elsewhere. Other studies should analyze variations of this parameter between regions or
biomes with contrasting fuel or climatic characteristics [18,50,79,80] and human activity patterns [78,81]
for a more refined burn perimeter prediction against fire perimeters from higher-resolution imagery.

Finally, while one advantage of the tested approach is the simplicity of the convex hull algorithm
tested, which is widely available for use in GIS operational software tools, future studies might analyze
potential improvements in the perimeter prediction with more complex algorithms that have also
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shown potential for fire perimeter delineation [15], together with its potential application for calibrating
fire propagation models to support in operational real time decision making [39,40,43,64–66].

Active fire delineated perimeters can serve as a first available estimate of large fires progression
to support operational fire monitoring and management in near real time. Furthermore, they can
provide a useful estimate of approximate locations where high-resolution imagery can be downloaded
for monitoring fire size and severity [59,60,82–85], the latter supporting decision making both for
emergency rehabilitation planning and long-term ecosystem management.
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