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Chapter

Near- and Middle-Infrared 
Monitoring of Burned Areas from 
Space
Carlos C. DaCamara, Renata Libonati, Miguel M. Pinto 

and Alexandra Hurduc

Abstract

We describe a methodology to discriminate burned areas and date burning 
events that use a burn-sensitive (V, W) index system defined in near-/mid-infrared 
space. Discrimination of burned areas relies on a monthly composite of minimum 
of W and on the difference between this composite and that of the previous month. 
The rationale is to identify pixels with high confidence of having burned and aggre-
gate new burned pixels on a contextual basis. Dating of burning events is based on 
the analysis of time series of W, and searching for the day before maximum tem-
poral separability is achieved. The procedure is applied to the fire of Monchique, a 
large event that took place in the southwest of Portugal in August 2018. When the 
obtained pattern of burned pixels is compared against a reference map, the overall 
accuracy is larger than 99%; the commission and omission errors are lower than 5 
and 10%, respectively; and the bias and the Dice coefficient are above 0.95 and 0.9, 
respectively. Differences between estimated dates of burning and reference dates 
derived from remote-sensed observations of active fires show a bias of 0.03 day and 
a root mean square difference of 0.24 day.

Keywords: burned area, dates of burning, (V, W) index system, VIIRS sensor, 
Monchique fire (Portugal)

1. Introduction

Vegetation fires have significant direct and indirect impacts on all components 
of the Earth system, including the anthroposphere. They are a source of greenhouse 
gases, aerosols, and trace gases to the atmosphere [1–3]; they induce modifications 
in most radiative forcing terms [4, 5] and disturb the radiative budget and cloud 
microphysics [6, 7]; they lead to changes in soil properties [8] and in the hydrologi-
cal cycle [9–11]; they play a key role in biodiversity reduction, loss of genetic diver-
sity, forest ecosystem functioning [12, 13], and land use/cover dynamics [14–16]; 
and they cause damages to human health [17, 18] and have adverse effects on public 
health and economy [19].

A thorough understanding of spatial and temporal patterns of burned area (BA) 
by wildfires is therefore of fundamental importance when assessing either climate 
or anthropogenic influences on the Earth system [20, 21]; when addressing a very 
wide range of subjects that include the fields of atmospheric physics and chemistry, 
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ecology, agriculture and forestry, hydrology, biology, sociology, and economy; and 
when defining climate, environment, and health policies [22–26]. When specifically 
focusing on fire management that comprises fire prevention, fire presuppression, 
and fire suppression measures, reliable information about the extent, location, 
and time of occurrence of BA is of high added value [25]. Accurate BA information 
is also crucial to land and fire decision-makers, as well as to research groups and 
ecologists, government agencies, and NGOs when implementing environmental 
policies aiming to reduce socioeconomic impacts from vegetation fires on ecosys-
tems and people [27].

The use of remotely sensed information for BA detection is well established, and 
there is a consensus about its usefulness from global down to regional levels [28–32]. 
Spaceborne sensors are a cost-effective way to map vegetation fires and the unique 
source of information for large areas with limited access at regional and global 
scales and for continuous monitoring over time [33, 34]. Over the last decades, 
several initiatives have been carried out to generate global and regional long-term 
maps of BA using remote sensing. These include, among others, (1) the 1-km L3JRC 
product, covering the period from April 2000 to March 2007, produced from SPOT 
VEGETATION data [35]; (2) the 1-km GLOBCARBON BA product, spanning the 
period April 1998–December 2007, derived from SPOT VEGETATION, Along Track 
Scanning Radiometer (ATSR-2), and Advanced ATSR (AATSR) imagery using a 
combination of mapping algorithms [36]; (3) the MCD45 [37] and MCD64A1 [30] 
BA products derived by NASA using data collected by the Moderate Resolution 
Imaging Spectroradiometer (MODIS); (4) the Global Fire Emissions Database 
(GEFD) initiative that consists in monthly BA estimates aggregated at 0.5° spatial 
resolution, covering the period from July 1996 to mid-2009 using four satellite 
data sets [38]; (5) the AQM-MODIS product [39] that was derived for Brazil and 
consists in monthly maps of BA at 1 km spatial resolution from 2000 up to the 
present; (6) the global burned area algorithm based on Medium Resolution Imaging 
Spectrometer (MERIS) reflectance and MODIS hotspots from 2006 to 2008 [29]; 
and (7) the recent global burned area product based on MODIS bands with a spatial 
resolution of 250 m [40].

Remote-sensed detection of burned vegetation makes use of spectral bands that 
are sensitive to spectral changes induced by fire events [41], namely, those associ-
ated to the deposit of char and ash on the surface and the change or destruction of 
vegetation structure [33]. Spectral indices have revealed to be the most appropriate 
to uncover changes in the radiometric signals of surfaces in operational applica-
tions [42], and a large variety of spectral indices for burned area discrimination 
have been developed in the last decades using a variety of techniques and different 
spectral bands, such as the red (R, about 0.6–0.7 μm), the near infrared (NIR, 
about 0.7–1.3 μm), the shorter short-wave infrared (SSWIR, about 1.3–1.9 μm), and 
the longer short-wave infrared (LSWIR, about 1.9–2.5 μm). Developed approaches 
include, among others, the Burned Area Index (BAI) [43] based on R and NIR and 
its improved version BAIM [44] based on NIR and LSWIR, the NIR and LSWIR-
based Normalized Burn Index (NBI) [45], the Normalized Burn Ratio (NBR) [46] 
and derived indices from the latter [47–51], and the Mid-Infrared Burned Index 
(MIRBI) [52] based on SSWIR and LSWIR.

A burn-sensitive vegetation index system, the so-called (V, W) system, has 
also been defined on the NIR/MIR space with the aim of optimally discriminating 
burned vegetation [53, 54]. Here we present and discuss the use of the (V, W) index 
system to design an automated algorithm aiming at both mapping burned area and 
dating the associated burning events. As an example of application, the procedure 
is applied to the fire of Monchique, a large event that took place in the southwest of 
Portugal in August 2018 (Figure 1).
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The fire of Monchique started on August 3 about noon and was not dominated 
until August 9. The fire resulted in about 27,000 hectares of burned area, 41 people 
injured and millions of euros in economic losses. By the second day of the event, 
about 700 firefighters and 11 aerial resources were fighting the fire, and this num-
ber kept increasing up to about 1400 firefighters and 14 aerial resources. The fire 
occurred within a context of very high temperatures and intense and highly variable 
winds in terrain with difficult access and high accumulation of biomass.

2. Data and pre-processing

Input data to the algorithms to compute (V, W) consist of top-of-the-atmosphere 
(TOA) values of middle-infrared (MIR) and thermal-infrared (TIR) radiances and 
of near-infrared (NIR) reflectance, as acquired by the Visible Infrared Imaging 
Radiometer Suite (VIIRS) instrument on board of the joint NASA/NOAA Suomi 
National Polar-Orbiting Partnership (Suomi-NPP) satellite [55]. VIIRS data were 
reprojected onto a geographical grid of 0.0045° in latitude by 0.0059° in longitude, 
corresponding to about 500 m in spatial resolution. Data over Portugal, covering the 
period of July and August 2018, were extracted from the VIIRS/NPP Level 1B 375 m 
product [56] and correspond to bands I2 (NIR, centered at 0.865 μm), I4 (MIR, 
centered at 3.74 μm), and I5 (TIR, centered at 11.45 μm).

Geolocation data, as well as land/sea mask and solar and view angle infor-
mation for each VIIRS tile, were obtained from the VIIRS geolocation product 
(VIIRS/NPP Imagery Resolution Terrain-Corrected Geolocation). Values of MIR 
reflectance were then computed using VIIRS bands I4 (MIR) and I5 (TIR) radi-
ances [57]. All images acquired at solar zenith angles (SZA) greater than 55° were 
rejected, and, when more than one image was available for the same day, the image 
selected was the one with the lowest solar zenith angle (SZA). Images used as input 
to the algorithm for burned area discrimination were further restricted to those 
with view zenith angles (VZA) not exceeding 45° in order to prevent large distor-
tions in pixel size [53].

Figure 1. 
Land cover map of the Iberian Peninsula showing the geographical location (shaded rectangular area) and a 
zoom (top right box) of the study area near the southern coast of Portugal (source of land cover data: Modis 
collection 6 global land cover, https://lpdaac.usgs.gov/sites/default/files/public/product_documentation/
mcd12_user_guide_v6.pdf).
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Information about active fire data was obtained from the VIIRS 375 m Active 
Fire product [58]. Finally, radiative power data were obtained from the fire radiative 
power (FRP) product developed by the Land Surface Analysis Satellite Application 
Facility (LSA SAF); this product is derived from data acquired by the Spinning 
Enhanced Visible and Infrared Imager (SEVIRI) onboard Meteosat Second 
Generation (MSG) series of EUMETSAT geostationary satellites [59].

A reference map of burned area in the study region was derived from geo-
spatial information provided by the Rapid Mapping products of the Copernicus 
Emergency Management Service (EMS) [60]. The Copernicus EMS service was 
activated by the Portugal National Authority for Civil Protection on August 5 at 
16:11 UTC (reference code EMSR303). We used the Delineation Map provided as 
of August 10 that has an estimated geometric accuracy of 5 m or better, derived by 
visual interpretation from Sentinel-2 and SPOT satellite observations.

3. Methods

3.1 Simplified (V, W)

Specially designed to discriminate burned areas, the (V, W) burn-sensitive 
vegetation index system is defined in a transformed MIR/NIR space that allows 
enhancing the spectral information about burned vegetation [53]. The transformed 
space is framed by the following two coordinates: (1) the distance, η, of each point 
in MIR/NIR space to a predefined convergence point, representative of a given 
target (e.g., a totally burned surface) and (2) the difference, ξ, between the respec-
tive MIR and NIR reflectance of each point. The coordinates η and ξ are accordingly 
defined as

   η =  √ 
___________________________

    ( ρ  MIR   − ρ  0  MIR  ) 2 +   ( ρ  NIR   − ρ  0  NIR  )    ²     (1)

  ξ =  ρ  MIR   −  ρ  NIR    (2)

where   ρ  MIR    and   ρ  NIR    represent values of reflectance in MIR and NIR and  ( ρ  MIR  0  ,  ρ  NIR  0  )   
are the coordinates of an ideally totally burned pixel.

Values of   ρ  MIR  
0
    and   ρ  NIR  

0
    for a given sensor may be estimated by the upper (lower) 

bound of reflectivity in MIR (NIR) for a large sample of recently burned pixels. To 
estimate these values for the VIIRS sensor, we used a sample of burned regions for 
several fires in central Portugal that occurred in 2017. Obtained estimates are   ρ  MIR  0   = 0.29  
and   ρ  NIR  0   = 0.06 .

The coordinate system (V, W) is then defined in the MIR/NIR space such that 
the following properties are met: (1) the V coordinate has a very small dispersion 
for pixels associated to surfaces containing organic matter and (2) the W coordinate 
increases with increasing water content of vegetated surfaces. Burned vegetation is 
characterized by very low values of  W  and by a sharp decrease of  W  following a fire 
event [53], both characteristics being especially conspicuous in monthly minimum 
composites of W and of differences of W between a given month and the previous 
one (Figure 2). In turn, non-vegetated surfaces like clouds and water bodies are 
characterized by low values of V.

Unlike VI3 [57] and GEMI3 [33], the (V, W) index system has the advantage 
of not having been heuristically derived; however, unlike traditional indices 
that rely on simple algebraic expressions and are easy to implement by users, the 
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computation of (V, W) is laborious, involving iterative methods and numerical 
computation of line integrals [53]. This disadvantage is circumvented by using the 
following approximation that is valid in a subdomain of the MIR/NIR space where 
the majority of observed values are located [54]:

  V =   
 (0.16 − 0.71ξ) 

 __________ η    (3)

  W = 1.1η  (4)

3.2 Discrimination of burned areas

Discrimination of burned areas for a given month is based on a procedure that 
uses as inputs a monthly composite of minimum of W and the difference between 
this minimum composite and that of the previous month together with locations of 
all identified hotspots during the considered month [39].

The rationale is first to identify burned pixels with high confidence of being 
burned and then use these points as seeds in a growing algorithm that will identify 
other burned pixels on a contextual basis and aggregate them as new seed points. 
Several studies [39, 61] have pointed out that the vast majority of hotspots are 
located inside or in the neighborhood of a burned area and that the number of 
burned pixels that are not close to a hotspot is low.

As suggested by results shown in Figure 2, the first seed points are therefore 
pixels characterized by (1) a low value of the monthly minimum composite of index 
W and (2) a sharp decrease in that minimum compared to the previous month.

Burned pixels are also expected to be outliers in respect to the statistical distri-
bution pixels where no hotspots were identified. Commonly used in classification 
problems, the Mahalanobis distance is a measure of the distance of a point to a given 
distribution in units of the standard deviation in the direction to the point to the 
mean [62]. The square of the Mahalanobis distance in a p-dimensional space has a 
chi-square distribution with p degrees of freedom, a result that may be used to find 
outliers in a dataset [63].

Identification of burned pixels is accordingly performed in the following three 
steps:

• First step: Let   W  min    and  Δ  W  min    be the values for a given pixel of the 
monthly composite of minimum W and of the difference between this 

Figure 2. 
Spatial distribution over the study area of the minimum composite of   W  min    for August 2018 (left panel) and of 
the difference of minimum composites of   W  min    between August and July 2018 (right panel).
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composite and that of the previous month; the pixel is considered as burned if 
all three following conditions are met:

 ○   W   min   ≤  T  1   , where   T  1    is a predefined threshold.

 ○  Δ  W  min   ≤  T  2   , where   T  2    is a predefined threshold.

 ○ The pixel lies outside the ellipse defined in the two-dimensional space (  W  min   ,   ΔW  min   )  
that corresponds to a predefined percentile of the Mahalanobis distance computed 
using pixels where no hotspots were identified; given that only pixels in the quadrant 
with lower   W  min    and   ΔW  min    should be considered as burned, a given pixel is 
considered as burned if the Mahalanobis distance is above the predefined percentile 
(e.g., percentile 95) and values of   W  min    and   ΔW  min    are sufficiently low, that is, below 
another predefined percentile (e.g., percentile 10, for both quantities).

• Second step: Let each pixel classified as burned in the previous step be con-
sidered as a seed point. For each seed point, a  5 × 5  buffer matrix is defined 
centered on it, and let  N  be the number of seed points inside it. If N ≥ 3, let 
   W ̂    min    and  δ  W  min    be the mean and the mean absolute deviation of W for these 
pixels. Let   W  min  ∗    and  Δ W  min  ∗    be the values of   W  min    and  Δ  W  min    for a pixel inside 
the  5 × 5  buffer matrix that is not a seed point. This pixel is classified as burned 
and becomes a new seed point if all two following conditions are met:

 ○  Δ  W  min  ∗   < 0 

 ○  Δ  W  min  ∗   ≤   W ̂    min   + δ  W  min   

• Third step: The previous step is repeated until no more seed points are generated.

3.3 Dating burned events

For each burned pixel identified by the algorithm above-described, the date of 
burning is estimated by analyzing the time series of W for that pixel and searching 
for the day where maximum temporal separability is achieved [64]. For most cases, 
time series of W present daily fluctuations of rather small amplitude (Figure 3) 
which allows identifying the day when the burning event took place by the significant 
decrease in W following the event. The day of burning may accordingly be identified 
as the one that maximizes the following index of temporal separability [65]:

  S =   
2 ( μ  b   −  μ  a  ) 

 _______  σ  a   +  σ  b      (5)

where   μ  a   ( σ  a  )   are the values of the mean (standard deviation) of index  W  of 
that pixel for a pre-specified number k of images starting at a given instant in 
time and   μ  b   ( σ  b  )   are the respective values for the same k number of images before 
that instant in time. The time series of W is scanned by two juxtaposed windows 
of fixed length  k,  and index  S  is computed for every available day (Figure 3). The 
burning event is considered to have taken place in the day prior to the date when  S  
is maximized.

3.4 Validation procedures

3.4.1 Discrimination of burned areas

The Monchique BA was validated against the data obtained from the Copernicus 
Emergency Management Service (EMSR303) that is used as the reference map. The 
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quality of the classification map was assessed based on five verification measures 
derived from contingency tables [39]: overall accuracy (OA), omission error (OE), 
commission error (CE), bias (B), and Dice coefficient (DC). These verification 
measures are defined in Table 2. The agreement between the BA scar and the refer-
ence map is measured by the OA, a high value of OA reflecting a high accuracy in 
the classification. OE and CE are used to assess the discriminative power of the clas-
sifier. The bias should be close to one when burning events are not overestimated/
underestimated. Finally, DC measures the similarity between the reference and the 
classification maps by overlapping the classified burned pixels to the “truly burned” 
pixels in the reference map.

Since the reference map has a higher resolution than the classification map, the 
former was projected onto the 500 m resolution grid of the latter by computing the 
burned fraction inside each coarser pixel. The pixel was then considered as burned 
if the fraction of burned area was greater than 0.5.

3.4.2 Dating burned events

Validation of estimated dates of burning was made against data of radiative 
power from the FRP product developed by the LSA SAF [59]. This product, together 
with three other active fire products derived from SEVIRI imagery, was compared 

Figure 3. 
Time series of indices W (blue dots, left vertical scale) and S (red dots, right vertical scale) for a pixel located 
inside the burned scar. The vertical black dashed line indicates the day of maximum S (Eq. (5)).

Classification map Reference map

Burned Unburned

Burned a b a + b

Unburned c d c + d

a + c b + d a + b + c + d

Table 1. 
Contingency table for pixels classified as burned versus unburned.

OA OE CE B DC

   a + d _______ 
a + b + c + d      c ___ a + c      b ____ 

a + d      a + b ____ a + c      2a ______ 2a + b + c   

Table 2. 
Accuracy (OA), omission error (OE), commission error (CE), bias (B), and dice coefficient (DC), with  a ,  b ,  c , 
and  d  as defined in Table 1.



Satellite Information Classification and Interpretation

8

against active fire data collected by the MODIS sensor, and results obtained showed 
a higher detection rate of active fire pixels than the other products [66]. Albeit 
presenting a coarser resolution of about 4 km in the study region, the repeat cycle of 
15 min by the SEVIRI instrument allows for a much better temporal resolution than 
when comparing against VIIRS or MODIS active fires that have only two samples 
per day. Furthermore, the VIIRS active fires at 375 m resolution were already used 
in the algorithm to discriminate burned areas and therefore should not be used for 
validation purposes. The estimated date of each pixel classified as burned was com-
pared to the date of observation of the nearest SEVIRI pixel where a hotspot was 
identified. Obtained differences between the dates of the burning of the classified 
burned pixels and the dates of hotspots identified by the SEVIRI instrument were 
then used to assess the performance of the dating methodology.

4. Example of application

The above-described procedure was applied to the study region in the south-
west of Portugal in order to discriminate burned pixels during the Monchique fire 
episode and then estimate the respective date of burning.

As described in Sections 3.1 and 3.2, the identification of burned areas in the 
study region relies on monthly minimum composites of W for August (Figure 2, 
left panel) and of differences between the minimum composite of August and that 
of July (Figure 2, right panel), hereby referred to as   W  min    and  Δ  W  min   , respectively. 
Both composites were obtained from daily values of  W  as derived from reflectance 
values of MIR and NIR from all available VIIRS images with SZA not exceeding 55° 
and VZA not exceeding 45°.

When values of   W  min    and  Δ  W  min    for all pixels over the study region are represented 
in a scatter plot (Figure 4), two clusters may be identified: (1) one that is formed by a 
dense cloud with a large number of points that mostly spread over the subarea of the 
plot that is lower bounded by percentile 10 of the distribution of   W  min    (identified in 
the plot by the orange-dashed horizontal line) and left bounded by percentile 10 of the 
distribution of  Δ  W  min    (identified by the orange-dashed vertical line) and (2) a second 
cluster that is composed of a less dense cloud with a lower number of points that 
occupy the subarea that is upper bounded by percentile 10 of the distribution of   W  min    
and right bounded by percentile 10 of the distribution of  Δ  W  min   .

The second cluster, formed by points with low values of both   W  min    and   ΔW  min   , is 
therefore likely to be associated to burned pixels. Moreover, also as to be expected 
in case of burned surfaces, the second cluster contains a very large fraction of pixels 
where hotspots were identified from the VIIRS Active Fire product (plotted as red 
dots). However, there are points (plotted as green dots) in the second cluster that 
are not associated to any hotspot, and there are also points in the first cluster that are 
associated to a hotspot, despite the fact that the large values of both   W  min    and   ΔW  min    
are not consistent with the characteristic signature of a burned pixel. Both situations 
are to be expected, since (1) a pixel may burn with no active fire having been spotted 
by VIIRS (e.g., because of cloud or smoke screening, or because the burning took 
place between passages of the satellite) and (2) an identified active fire may have 
originated a burned area that represents a small fraction of the area of the pixel, and 
therefore the radiometric signature is not strong enough to be detected. Both diffi-
culties may be circumvented in part by selecting a set of pixels with high confidence 
of being burned as seed points to feed into a growing algorithm.

As discussed in Section 3.2 (first step of the algorithm), seed points are defined 
as pixels belonging to a region of the space (  W  min  ,  ΔW  min   ) where there is a high 
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confidence that points are associated to burned pixels. Taking into account the 
above-discussed features presented by the distribution of points in the scatter plot 
(Figure 4), seed points were defined according to the following criteria:

•   W  min   <  percentile 10 of   W  min   .

•  Δ  W  min   <  percentile 10 of  Δ W  min   .

• Points (  W  min  , Δ  W  min   ) must lie outside the ellipse representing percentile 
95 of the Mahalanobis distance computed with all pixels not associated to any 
hotspot.

Once seed points were identified, new burned pixels were then iteratively 
aggregated following the procedure described in Section 3.2 (second and third steps 
of the algorithm).

Results obtained are shown in Figure 5 that also provides a comparison 
with the reference map that was obtained from information derived from the 
Copernicus EMS (EMSR303). There is an overall agreement between the down-
scaled higher-resolution reference map and the map generated by the proposed 
algorithm. Deviations from the reference map, either in the form of commission 
or omission errors, are located along the borders of the scar and are likely to be 
due to small errors in geolocation or of partially burned pixels that were dif-
ferently classified (as burned or unburned) by the proposed algorithm and the 
downscaled reference map.

The overall quality of the proposed algorithm in discriminating the burned 
pixels associated to the Monchique fire episode reflects on values of the con-
tingency table that compares results from the proposed algorithm with those 
from the reference map from Copernicus EMS (Table 3) as well as on the five 
verification measures derived from the obtained contingency table (Table 4). 
The number of commission errors (45) and the number of omission errors (94) 
are one order of magnitude lower than the number of match ups (979). In turn, 
the overall accuracy is larger than 99%, the commission error is lower than 5%, 
and the omission error is lower than 10%; the bias is above 0.95, and the Dice 
coefficient is above 0.9.

Figure 4. 
  W  min    (August 2018) versus  Δ  W  min    (difference between August and July 2018). Red (green) dots indicate pixels 
with (without) hotspots associated. The orange ellipse represents percentile 95 of the Mahalanobis distance, and 
the horizontal (vertical) orange-dashed line represents percentile 10 of the distribution of   W  min    (Δ W  min  )  .
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Following the procedure described in Section 3.3, estimates were obtained of the 
date of burning for all pixels that were classified as burned within the study region. 
Results obtained (Figure 6, left panel) show a propagation from NW to SE, form-
ing a pattern that is very similar to the one derived from the dates of detection of 
hotspots by the SEVIRI instrument (Figure 6, right panel). The agreement between 
the latter dates and the estimates by the proposed dating algorithm reflects on the 
obtained histogram of differences that has the null value of differences as the modal 
frequency, closely followed by a delay of 1 day in the estimates, such that about 70% 
of the pixels classified as burned have differences in the dates of less than ±1 day. 
When considering the distribution of differences as a whole, there is a bias of 
−0.03 day and a root mean square difference of 0.24 day, both values pointing out 
the very good overall agreement between estimates from the proposed algorithm 
and the reference dates derived from SEVIRI (Figure 7).

Results obtained using a similar procedure over the whole territory of Portugal 
for August and September 2005, one of the worst severe years in terms of burned 
area, [64] present an overall accuracy of 95.6% and commission and omission 
errors of 66.5 and 37.1%, respectively. However, the study encompasses a period of 

BA scar Reference map

Burned Unburned

Burned 979 45 1026

Unburned 94 21,357 21,451

1073 21,404 22,477

Table 3. 
As in Table 1 but with values obtained for the scar that resulted from the Monchique fire event of August 2018.

Figure 5. 
Burned pixels (left panel) from the proposed algorithm and reference map (right panel) from Copernicus 
EMS (EMSR303). True positives, commission errors, and omission errors are colored in green, red, and blue, 
respectively.

OA OE CE B DC

 99.4 %  8.8%  4.6%  0.96  0.93 

Table 4. 
As in Table 2 but with the metrics derived from Table 3.
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2 months and a much wider area, covering a very large number of scars, and not a 
single one as in the present study. Regarding the estimated days of burning, 75% of 
estimated dates in the same study [64] presented deviations less than ±5 days from 
dates derived from hotspots identified by MODIS.

5. Conclusions

Using TOA values of MIR and TIR radiances and NIR reflectance from VIIRS 
375m imagery, a set of optimal indices, V and W, were used to discriminate 
burned areas and to assign dates to every burned pixel. The ability of  V  to dis-
criminate between vegetated and non-vegetated surfaces may be used to build up 
composites of  W  free from contamination by clouds, whereas the low values of W 
associated to burned surfaces suggest generating composites of minimum values 
of W to discriminate burned areas. Adopting this rationale, and in line with 
previous work [39, 64], discrimination of burned areas was performed using 
values (  W  min   ) of a monthly composite of minimum of W and values (  ΔW  min   ) of 

Figure 6. 
Dates of burning as obtained from the proposed dating algorithm (left panel) and as derived from dates of 
observation of hotspots by the SEVIRI instrument (right panel).

Figure 7. 
Histogram of difference between dates assigned by the proposed methodology and dates derived from hotspots 
identified by the SEVIRI instrument.
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differences between that composite and the one of the previous month. First seed 
points are identified as the pixels that (1) are outliers in respect to pixel where no 
hotspots were identified, (2) present low values of   W  min    characteristic of burning 
event, and (3) are associated to negative values of   ΔW  min   , indicating a decrease of   
W  min    that is expected to occur after a burning event. New burned pixels are then 
successively aggregated using a seeded region-growing algorithm that starts with 
the previously identified seed points.

The algorithm was applied to the Monchique fire episode, a large event that 
occurred in southwestern Portugal during August 2018. The discriminative 
power of the algorithm was validated against the scar identified by Copernicus 
EMS303. Results obtained show that the (V, W) algorithm is suited to discrimi-
nate burned area over a mainland Portugal, supported by the good agreement, 
with a Dice coefficient of 0.933, between the burned area scar and the reference 
map. The commission and omission errors have values of 9 and 5%, respectively. 
Estimated dates of burning, obtained through analysis of time series of values of 
W, were compared against times of observation of hotspots obtained from the 
SEVIRI FRP product. About 70% of the estimated dates presented deviations of 
1 day or less.

The development of reliable algorithms to discriminate and date burned areas 
is crucial for a better understanding of the biosphere-atmosphere interactions, 
for estimating burning emissions, for future projections of fire regime, and for 
mitigation and adaptation actions in Portugal, which is recurrently affected by 
severe fire events. In particular, accurate estimates of the date of burning are 
crucial when considering fire regime modeling, due to the constraint imposed by 
biomass availability into the spread of fire, and are also important for reducing 
uncertainties in biomass burning emissions [34]. The recent VIIRS sensor will 
allow the development of new burned area products at high spatial resolution, 
continuing and enhancing the imaging of the Earth initiated by the Advanced Very 
High-Resolution Radiometer (AVHRR) and the MODIS instruments. The present 
work represents a first attempt to assess the potential of using VIIRS imagery to 
identify burnt scars in Portugal. Results obtained in this work and in related previ-
ous ones pave the way to the generation of a long-term series of burned area maps 
containing accurate information about the extent, location, and time of occurrence 
of vegetation fires.
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