
Supplementary Materials for 

Intercomparison of burned area products and its implication for 
carbon emissions estimations in the Amazon 

Ana Carolina M. Pessôa 1,*, Liana O. Anderson2, Nathália S. Carvalho1, Wesley A. Campanharo1, 
Celso H. L. Silva Junior1, Thais M. Rosan3 , João B. C. Reis2 , Francisca R. S. Pereira1, Mauro 
Assis4, Aline D. Jacon5, Jean P. Ometto5, Yosio E. Shimabukuro1, Camila V. J. Silva6, Aline 

Pontes-Lopes1, Thiago F. Morello7 Luiz E. O. C. Aragão1,3 

* Correspondence: acmoreirapessoa@gmail.com; Tel.: +55-12-3208-6465 

 
This PDF file includes 
 

Supplementary Materials: 
Summary of available burned area products 

Table S1. Overview of fire occurrence available products. 
Study area 

Table S2. List of Brazilian states included in the study area.  
Materials and Methods 

Table S3. Total burned area and its intersection area with PRODES 2016. 
S§1. EBA Methodology 
S§2. Committed gross carbon emission model 
Table S4. Summary of the data used for developing Equation 1. 
Figure S1. Relationship between initial biomass and remaining biomass after fire events.  

Results 
Figure S2. Total burned area mapped by TREES, MCD64A1, GABAM and Fire_cci. 
S§3. AGB map comparison 
Table S5. Difference between the committed gross carbon emission estimates calculated by EBA 
and Baccini AGB maps. 
Figure S3. Above ground biomass map from EBA and polygons of burned forest both from 
TREES and GABAM products. 
Figure S4. Scatter plots of the percentage of burned area per cell among the different pairs of 
products. 
Table S6. Mean and stardard deviation of p-values resulted from 10,000 iterations of 
Kolmogorov-Smirnov two sample test. 
Figure S5. Similarity maps for each burned area product comparison pair, considering burned 
area over forest.  
Figure S6. Similarity maps for each burned area product comparison pair, considering burned 
area over non-forest.  

Discussion 
Table S7. Total burned area and its intersection area with the hydrography. 
Figure S7. Study area and the hydrography of the region. 

Graphical abstract 
Figure S8. Graphical abstract. 

  

A reference list is provided on the main manuscript.  



Remote Sens. 2020, 12, x FOR PEER REVIEW 2 of 19 

 

Introduction  

This document includes additional text for providing more information on the (S§1) Above 
ground biomass map methodology, (S§2) Committed gross carbon emission model, and (S§3) AGB 
map comparison. Also, eight additional figures (S1 to S8) are included here. Finally, seven supporting 
tables (S1 to S7) are provided with additional information. 

 



 

 

Table S1. Overview of fire occurrence available products.  1 
Name Developer Scale Type of information Time span Sensors/ 

inputs Methods Spatial resolution Format Temporal 
composition Limitation Data access Reference 

MCD14ML NASA Global Active fire 2000 – present MODIS The algorithm uses brightness temperatures 
and reflectance information to eliminate 
obvious non-fire pixels, and the remain are 
considered in a subsequent contextual analysis.   

1000 m Vector - points Monthly – possible to 
know the burn date 
within the month 

Severe temporal and spatial biases 
may arise in any MODIS fire time 
series analysis employing time 
intervals shorter than about eight 
days. Cloud obscuration, a lack of 
coverage, or a misclassification in 
the land/sea mask may be 
responsible by known fires that do 
not appear in the dataset, but with 
only the information provided in 
the fire location files this will be 
impossible to determine. 

Open access [1]  

VNP14IMGTDL_NRT NASA Global Active fire 2012 - present VIIRS Multispectral contextual algorithm to identify 
sub-pixel fire activity and other thermal 
anomalies. It includes information on 
confidence level, FRP and day or nighttime 
fire.   

375 m Vector - points Sub-daily Although its improved spatial 
resolution provides greater 
response over small fires and 
improved mapping of large fires 
perimeters, Frequent data saturation 
prevents sub-pixel fire 
characterization.  

Open access [2] 

Fire cci v.5.0 ESA Global Burned area 2001 - 2016 MODIS 
(MOD09GQ 

– 
surface 

reflectance 
+ 

MOD09GA 
– 

quality flags 
+ 

MCD14ML 
– 

active fires) 

Hybrid approach, combining information on 
active fires and temporal changes in 
reflectance. Clearly burned pixels are detected, 
and then a contextual procedure is run to 
improve the delineation of the burned patch.  

250 m Raster (3 layers) 
- detection date  
0: not burned 
1 to 366: day of first 
detection 
-1: not observed in the 
month 
-2: not burnable 
 
- confidence level (1-100) 
- land cover (extracted 
from Land Cover CCI 
maps) 

Monthly –  
possible to know the 
Julian day of first 
detection within the 
month, and 
consequently to 
identify pixels that 
burn more than once 
during a calendar 
year 

The date of the burned pixel may 
correspond from one to several 
days after the actual burning date, 
depending on image availability 
and cloud cover. All validation 
results showed worse performance 
than MCD64 products from NASA.  

Open access [3] 

Fire cci v.5.1 ESA Global Burned area 2001 - 2019 MODIS 
(MOD09GQ 

– 
surface 

reflectance 
+ 

MOD09GA 
– 

quality flags 
+ 

MCD14ML 
– 

active fires) 

Hybrid approach, combining information on 
active fires and temporal changes in 
reflectance. Clearly burned pixels are detected, 
and then a contextual procedure is run to 
improve the delineation of the burned patch. 

250 m Raster (3 layers) 
- detection date  
0: not burned 
1 to 366: day of first 
detection 
-1: not observed in the 
month 
-2: not burnable 
 
- confidence level (1-100) 
- land cover (extracted 
from Land Cover CCI 
maps) 

Monthly –  
possible to know the 
Julian day of first 
detection within the 
month, and 
consequently to 
identify pixels that 
burn more than once 
during a calendar 
year 

The date of the burned pixel may 
correspond from one to several 
days after the actual burning date, 
depending on image availability 
and cloud cover. Fire cci v.5.1 was 
found less sensitive (11% lower 
estimations) than MCD64A1 c6 in 
tropical and temperate fires in 
Southern Hemisphere South 
America. The validation metrics 
showed an important 
underestimation of total burned 
area, with higher omission and 
commission errors, what could be 
attributed to the coarse spatial 
resolution of the input images, 
which implies missing small-size 
fires (< 100 ha). 

Open access [4] 

FireCCILT10 ESA Global Burned area 1982 – 2017 
(exception of 
1994) 

AVHRR The algorithm uses LTDR and CCI Land 
Cover products, reflectance and spectral 
indices as input to a multiannual monthly 
model generated within Random Forest. 
MCD64A1 dataset is used as training samples. 

0.25° Raster (it is not binary; it 
includes how much of 
each pixel was burned 
using MCD64A1 as a 
comparison) 

Monthly Although it has the biggest time 
span available, its method modeled 
variables, and their uncertainty is 
not clear accounted for to build the 
final product. The validation 
performed does not consider the 
entire time span.  

Open access [5] 

(To be continued) 



Remote Sens. 2020, 12, x FOR PEER REVIEW 2 of 19 

 

Table S1 – Continuation. 

Name Developer Scale Type of information Time span Sensors/inputs Methods Spatial resolution Format Temporal 
composition Limitation Data access Reference 

MCD64A1 c6 NASA Global Burned area 2000 - present MODIS It uses MODIS surface reflectance data 
coupled with 1 km MODIS active fire 
observations. The algorithm uses a burn 
sensitive vegetation index (VI) to create 
dynamic thresholds that are applied to produce 
the composite data. 

500 m Raster (5 layers) 
 
- Burn Date 
- Burn Date Uncertainty 
- Quality Assurance 
- First Day 
- Last Day 

Monthly – possible to 
know the date of burn 
(ordinal day of the 
calendar year on 
which the burn 
occurred) 

Burned areas in cropland should 
generally be treated as low 
confidence due to the inherent 
difficulty in mapping agricultural 
burning reliably. Unable to 
adequately map the occurrence of 
small fires, what can cause 
underestimation of overall burned 
area. It does not individualize the 
burnt scars. 

Open access [6] 

GWIS JRC Global Burned area 2003 - 2016 MODIS It corresponds to the post-processing of the 
MCD64A1 product. To identify individual fire 
events on a global scale, the methodology 
consists of grouping the burnt pixels in 
individual burnt scars using a region growth 
approach.  

500 m Vector - polygons Multi-annually – It is 
provided a vector 
dataset with the 
entire time span, but 
it is possible to know 
the initial and final 
burn day of each 
burnt scar 

Although it has the advantage of 
individualizing the burned areas, 
since it uses MCD64A1, it also 
incorporates all limitations inherent 
of its methodology.  

Data availability 
upon request 

[7] 

GFED4 UM Global Burned area 
Monthly emissions  
Fractional contributions 
of different fire types 

1997 - present MODIS Its algorithm combine MODIS burned area 
maps with active fire data from TRMM VIRS, 
and the ATSR family of sensors. It derived 
exclusively from MCD64A1 c5.1 aggregated 
to 0.25° spatial resolution. 

0.25° Raster – it is provided a 
mean burn-date 
uncertainty dataset for the 
daily product 

Monthly 
Daily (from Aug-
2000) 

It does not include small fires 
(<100ha) - product GFED4s 
includes them. It underestimates the 
extent of cropland burning. Cloud 
cover degrades the detection of 
both active fires and fire scars; 
thus, burned area in persistently 
cloudy regions may be 
systematically underestimated. 
Since it uses MCD64A1, it also 
incorporates all limitations inherent 
of its methodology. 

Open access [8] 

GABAM IRSDE / CAS Global Burned area 2015 Landsat 8 OLI Automated algorithm implemented on GEE. It 
uses reflectance and spectral indices 
information as input for a Random Forest 
model. A final step consists on burned area 
shaping through a region growing approach. 

30 m Raster (binary) Annually Landsat coarse temporal resolution 
might cause omission errors in 
tropical zones due to the quick 
recovery of the vegetation surface. 
The lowest overall accuracy was 
found on Broadleaved Evergreen 
Forests, what can trap the use of 
such methodology on tropical 
regions. It is not provided an 
uncertainty for each pixel.  

Open access [9] 

Landsat Burned Area NASA National - US Burned area 1984 - present Landsat TM 
Landsat ETM+ 

Landsat OLI 

Algorithm based on the Landsat Burned Area 
Essential Climate Variable algorithm. It is a 
supervised approach that uses gradient boosted 
regression models implemented in Python. 

30 m Raster 
(binary) 
 

Annually - binary 
annual burn 
classification 

Occasionally some burned area is 
incorrectly classified as being 
water. 

Open access [10] 

TREES TREES - INPE Regional – 
Brazilian 
Amazon 

Burned area 2006 - 2016 MODIS It uses a hybrid classification. An LSM is 
performed. Then, the shade fraction image is 
segmented and unsupervised classified. 
Subsequently, a manual edition is performed in 
order to improve the accuracy of the final map.  

250 m  Vector Annually – each file 
contains information 
from June to October. 
It is possible to know 
the burn month, but 
not the burn day. 

It is not operational, and its time 
series continuity is not secure. 
Besides, it is regional, so its use is 
restricted to Brazilian Amazon. 

Data availability 
upon request 

[11–13] 

DETER B INPE Regional – 
Brazilian 
Amazon 

Burned area 2016 - present WFI 
AWiFS 

The identification of the forest cover change 
pattern is done by visual interpretation based 
on five main elements (color, tonality, texture, 
shape and context) and uses the LSM 
technique, together with its multispectral 
image in color composition to the visual 
interpretation. 

64 m Vector Annually – it follows 
the same year pattern 
that PRODES project 
(from July to 
August). It is possible 
to know the date of 
the image used to 
map the burnt scar. 

The distinction between burnt scar 
and degradation classes is not clear. 
If considered only burnt scar class, 
the total burned area is 
underestimated. There is not a long 
time series to be analyzed. Besides, 
it is regional, so its use is restricted 
to Brazilian Amazon. 

Open access [14] 

(To be continued) 
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Table S1 – Continuation. 

Name Developer Scale Type of information Time span Sensors/inputs Methods Spatial resolution Format Temporal 
composition Limitation Data access Reference 

Acre Queimadas UFAC Regional – Acre Burned area 1984 - 2016 Landsat TM 
Landsat OLI 

It uses the CLASlite 3.0 software to perform a 
SLM model. From the fraction it is generated a 
burn-scar index (BSI) image. Subsequently, 
the BSI is sliced defining thresholds by trial 
and error to identify forest-fire scars. There is 
no standard or fixed threshold for this 
identification, which changes from scene to 
scene according to fire intensity, vegetation 
contrast, and image noise. 

30 m Vector Annually – it was 
considered images 
from September to 
December 

The algorithm can miss some fires 
because they were not strong 
enough to reach the canopy, 
affecting only the understory of the 
forest. Fires can be also missed if 
they occur after the date of the 
image used for mapping or if they 
occur in small forest fragments. 
Besides, on the classification 
process targets like shading by thin 
clouds and smoke or vegetation 
under extreme water stress can be 
confused with burnt scar. It only 
considers fires in forested areas. 
For this, it uses a deforestation 
mask. Besides, it is regional, so its 
use is restricted to Acre state. 

Data availability 
upon request 

[15] 

Global Fire Atlas NASA Global Burned area 
Ignition point 
 

2003 - 2016 MODIS It uses MCD64A1 c6 to track the dynamics of 
individual fires to determine the timing and 
location of ignitions and fire size, duration, 
daily expansion, fire line length, speed, and 
direction of spread. The approach uses two 
filters to account for uncertainties in the day of 
burn, in order to map the location and timing 
of fire ignitions and the extent and duration of 
individual fires. Subsequently, it is tracked the 
growth dynamics of each individual fire to 
estimate the daily expansion, fire line length, 
speed, and direction of spread. 

500 m Vector – polygon and 
point 

Annually – It is 
possible to know start 
and end dates for 
each burnt scar or 
ignition point. 
 
It is also provided 
daily gridded raster 
of fire line, speed, 
direction of spread 
and day of burn. 

The algorithm assumes that fires 
progress continuously through time 
and space. If cloud coverage or 
smoke is persistent fir continuity 
can break, increasing the risk of 
artificially splitting single fires into 
multiple parts. Burn date 
uncertainty may also lead to 
multiple “extinction points”, 
outliers in the estimated day of burn 
along the edges of a fire. The 
coarse resolution can cause 
underestimation of overall burned 
area. Since it uses MCD64A1, it 
also incorporates all limitations 
inherent of its methodology. 

Open access [16] 
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Study area  3 
Table S2. List of Brazilian states included in the study area, their respective total area and forest area 4 
within the study area boundaries. 5 

State   State area 
(km²) 

State area within 
the study area 

(km²) 

Proportion of the 
state area within 

the study area (%) 

Forest area 
within the study 

area (km²) 

Forest proportion 
within the study 

area (%) 

Rondônia RO 
     

237,765  
                

237,765  100 
                  

121,777  51 

Acre AC 
     

164,124  
                

164,124  100 
                  

142,368  87 

Amazonas AM 
  

1,559,147  
             

1,413,520  91 
               

1,288,699  91 

Roraima RR 
     

224,301  
                   

21,393  10 
                     

18,475  86 

Pará PA 
  

1,247,955  
             

1,110,326  89 
                  

742,538  67 

Amapá AP 
     

142,829  
                   

15,304  11 
                     

12,415  81 

Tocantins TO 
     

277,721  
                   

23,973  9 
                       

2,288  10 

Maranhão MA 
     

278,157  
                

114,860  41 
                     

25,583  22 
Mato 
Grosso MT 

     
903,198  

                
480,699  53 

                  
260,016  54 

 Total 
  

5,035,197  
             

3,581,964  71 
               

2,614,158  73 

Materials and Methods 6 

Table S3. Total burned area and its intersection area with PRODES 2016. 7 

  

Burned area   
Non-forest + Forest (km²) 

Burned area over 
PRODES 2016 (km²) 

% 

TREES 35558.6 658.8 1.85 
MCD64A1 34514.1 513.1 1.49 
GABAM 28193.3 750.8 2.66 
Fire_cci 14924.3 243.2 1.63 
 8 

S§1. EBA Methodology 9 
The EBA map was developed by Environmental Monitoring via Satellite in The Amazon Biome 10 

- MSA/Amazon Fund - Subproject 7 - Estimating Biomass in the Amazon (EBA). The above ground 11 
biomass (AGB) was estimated at three different levels based on 836 LiDAR transects randomly 12 
distributed across 3.5 million km² of the Amazon forest. The methodology was based on Lidar AGB 13 
estimates [17] and validated using field inventory AGB data [18]. The Lidar AGB was extrapolated 14 
for Amazon biome by using a nonparametric regression method (Random Forest) to model the AGB 15 
by using remote sensing data of MODIS vegetation index, Shuttle Radar Topography Mission data 16 
(SRTM), precipitation data from the Tropical Rainfall Measuring Mission, Synthetic Aperture Radar 17 
data of the Phased Array type L-band Synthetic Aperture Radar and geographic coordinates. The 18 
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coefficient of determination and the root mean squared error obtained with the final model of the 19 
third level of AGB estimation were R² = 0.7485 and RMSE = 54.36 Mg ha-1, respectively. 20 

The estimated AGB uncertainty map was calculated propagating the uncertainties through the 21 
different levels of biomass estimation, field plots (first level), lidar transect (second level) and satellite 22 
(third level). The first and second levels were calculated according to Longo et al. (2016) [17], 23 
considering calibration uncertainty, representativeness uncertainty and prediction uncertainty. The 24 
wall to wall map of uncertainty was developed propagating the total lidar AGB uncertainty to the all 25 
cell covered by AGB map of Amazon biome. This was calculated using the mean and standard 26 
deviation of the AGB by the total uncertainty and AGB value of each cell of the lidar transect. Then, 27 
it was generated a hundred AGB wall to wall maps using the normal distribution values for AGB, 28 
remote sensing variable and random forest regression model. The final uncertainty map was 29 
generated calculating the standard deviation of AGB of each cell. 30 

S§2. Committed gross carbon emission model 31 
We adapted the committed gross carbon emission model provided by Anderson et al (2015) [13], 32 

adding new data from Silva et al (2018) [19] and adjusting the relationship between biomass before 33 
and after fire through a power function. All values compiled for establishing the equation were 34 
derived from measurements of AGB within 1 year after fire occurrence (Table S4). This method only 35 
accounts for the short-term (1 year) carbon loss, although it is being reported on literature that long-36 
term biomass losses may happened for as much as 30 years after a fire event [19]. 37 

The update function is showed in Figure S1, where we found a highly significant relationship 38 
between biomass before (control) and after fire (R² = 0.95). 39 

Table S4. Summary of the data used for developing Equation 1. 40 

Reference Location Vegetation type Control 
(Mg.ha-1) 

Mean AGB 
after fire 
(Mg.ha-1) 

Kauffman et al. (1994) [20] Brasília (15o 51'S, 47o63'W) Cerrado 7.128 2 
7.321 0.237 
8.625 2.226 

10.031 1.604 
Cochrane and Schulze (1999) [21] Tailândia (Central-eastern Pará) Tropical moist evergreen 

forest 295 270 

Haugaasen et al. (2003) [22] Rio Maró, westernmost Pará 
(02°44′S; 55°41′W) 

Riverbanks forests 424.3 341.7 

Barlow et al. (2002) [23] Rio Maró, westernmost Pará 
(02°44′S; 55°41′W) 

Terra firme forests 95.4 46.8 
91 54 

Alencar et al. (2006) [24] Paragominas (NE of Pará) Dense forest with vines 485 339.5 
Santana do Araguaia (South of 
Pará) 

Transitional forest  390 273 

Alta Floresta (North of Mato 
Grosso)  

Open forest 370 259 

Alencar et al. (2005) [25] Alta Floresta (North of Mato 
Grosso)  

Open forest 199 88 

Barbosa and Fearnside (1999) [26] Roraima Dense forest 237 202.3 
Silva et al. (2018) [19] Acre (southwest region) Open forest 203 212 

Amazonas (central region) Dense forest 230 286 

 41 
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 42 
Figure S1. Relationship between initial biomass and remaining biomass after fire events. Plot 43 
compiled from literature have burned only once with measurements taken within 1 year of the fire 44 
event.  45 

Results 46 

 47 

Figure S2. Total burned area mapped by TREES, MCD64A1, GABAM and Fire_cci over forested areas and 48 
non-forested areas, per Brazilian state within the study area.S§3. AGB map comparison 49 

For comparation to works that uses Baccini as AGB input to estimate carbon emission, we 50 
compare our results using EBA with results using Baccini. Although its relative course resolution 51 
compared to Baccini data (30 m), the EBA biomass data includes an uncertainty map, essential for 52 
our analysis.  53 

Baccini map is a global dataset that provides AGB for the year 2000 at approximately 30 m spatial 54 
resolution. It was used as a reference widely considered in literature [13,17,27,28]. The biomass 55 
density (in Mg.ha-1) was generated by the statistical relationship between data collected in situ and 56 
LiDAR Geoscience Laser Altimeter System (GLAS) data, acquired over 40,000 points. In addition to 57 
the field data and GLAS, reflectance data derived from Landsat 7 ETM+, elevation data and 58 
biophysical variables are used in the estimation of carbon stock. Random Forest modeling was used 59 
to build the statistical relationship [29]. Since the map is from 2000, all deforestations detected by 60 
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PRODES between 2001 and 2016 were incorporated into the map. Assuming the characteristics of 61 
changes in land use and land cover in the Amazon biome [30], AGB was adjusted considering the 62 
pattern observed for pasture areas. Therefore, according to values proposed by [31] for the Amazon, 63 
AGB in deforested areas was adjusted to 16.6 Mg ha-1. 64 

For the comparison, both AGB, and AGB uncertainty map were resampled to match Baccini 65 
spatial resolution, using the ‘nearest’ approach. Then, all the methodological steps adopted to 66 
estimate carbon emission were repeated using Baccini dataset and the results are presented on Table 67 
S5. 68 

Table S5. Difference between the committed gross carbon emission estimates calculated by EBA and 69 
Baccini AGB maps. 70 

 71 

CGCE EBA (Tg) CGCE Baccini (Tg) Difference (EBA - Baccini) CGCE EBA (Tg) CGCE Baccini (Tg) Difference (EBA - Baccini)

TREES
AC 0.8988 0.7479 0.1508 0.9008 0.9426 -0.0417
AM 2.8020 2.0821 0.7200 2.2939 2.2647 0.0292
MA 2.2761 6.1801 -3.9040 2.0455 4.8657 -2.8202
MT 6.3525 7.2748 -0.9223 4.1955 5.9858 -1.7903
PA 11.2849 13.5485 -2.2636 5.4341 6.5947 -1.1607
RO 3.9279 3.1502 0.7777 2.0924 2.4000 -0.3076
Study Area 27.5422 32.9835 -5.4413 16.9621 23.0534 -6.0913

MCD64A1 
AC 0.0887 0.0752 0.0135 0.0794 0.0858 -0.0064
AM 2.8355 2.3406 0.4949 2.4044 2.7733 -0.3688
MA 3.1612 7.9061 -4.7450 1.4546 3.0348 -1.5802
MT 6.0644 7.1677 -1.1033 3.3894 4.9422 -1.5528
PA 12.1309 13.9630 -1.8321 6.1418 7.5858 -1.4441
RO 2.7821 2.2084 0.5737 1.6531 1.9518 -0.2987
Study Area 27.0627 33.6611 -6.5984 15.1227 20.3737 -5.2510

GABAM
AC 0.1441 0.1164 0.0278 0.8514 0.7108 0.1406
AM 1.1535 1.0441 0.1094 3.4177 2.7560 0.6617
MA 2.2655 5.5940 -3.3286 0.8822 1.8524 -0.9702
MT 2.8893 3.8515 -0.9622 3.1854 3.7728 -0.5875
PA 7.7673 10.2850 -2.5178 6.0015 5.6356 0.3660
RO 2.8248 2.1836 0.6413 1.4865 1.4629 0.0236
Study Area 17.0446 23.0747 -6.0301 15.8246 16.1905 -0.3659

Fire_cci
AC 0.0155 0.0132 0.0023 0.0053 0.0052 0.0001
AM 1.5374 0.9746 0.5627 0.4561 0.4650 -0.0089
MA 0.3023 0.8800 -0.5777 0.1727 0.4412 -0.2686
MT 3.9499 4.8130 -0.8631 1.3196 2.1343 -0.8147
PA 4.6816 4.9836 -0.3019 0.8804 1.1635 -0.2831
RO 1.3372 1.0657 0.2715 0.3085 0.3851 -0.0766
Study Area 11.8239 12.7301 -0.9062 3.1425 4.5944 -1.4519

Non-forest Forest

CGCE = Committed Gross Carbon Emission
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 72 
Figure S3. Above ground biomass map from EBA and polygons of burned forest both from TREES 73 
and GABAM products. 74 

 75 

Figure S4. Scatter plots of the percentage of burned area per cell among the different pairs of products. 76 
It was considered only cells that presented burned area percentage by at least one product. All 77 
relations are statistically significant at 95% confidence level.  78 

 79 
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Table S6. Mean and stardard deviation of p-values resulted from 10,000 iterations of Kolmogorov-80 
Smirnov two sample test, raffling different samples of 10% of the total grid cells of 10x10km. It was 81 
considered only cells that presented burned area percentage by at least one product.  82 

  

TREES x 

MCD64A1 

TREES x 

GABAM 

TREES x 

Fire_cci 

MCD64A1 x 

GABAM 

MCD64A1 x 

Fire_cci 

GABAM x 

Fire_cci 

Total (Sample size = 1,434 cells)  

Mean 2.33E-01 0 2.55E-15 0 1.52E-13 0 

SD 2.01E-01 0 6.16E-14 0 5.82E-12 0 

Forest (Sample size = 1,215 cells)  

Mean 3.12E-01 0 9.56E-18 0 1.14E-13 0 

SD 2.74E-01 0 5.35E-16 0 6.74E-12 0 

Non-forest (Sample size = 1,229 cells) 

Mean 2.70E-01 5.55E-19 2.31E-14 2.22E-20 3.31E-13 0 

SD 2.43E-01 5.44E-17 7.85E-13 1.57E-18 1.44E-11 0 

 83 

 84 

Figure S5. Similarity maps for each burned area product comparison pair, considering burned area 85 
over forest. The similarity index was calculated considering only cells over forest that presented 86 
burned area detection by at least one product. The similarity index goes from 0 (lowest similarity) 87 
highlighted by dark red to 1 (highest similarity) highlighted by dark purple. 88 
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Figure S6. Similarity maps for each burned area product comparison pair, considering burned area 90 
over non-forest. The similarity index was calculated considering only cells over non-forest that 91 
presented burned area detection by at least one product. The similarity index goes from 0 (lowest 92 
similarity) highlighted by dark red to 1 (highest similarity) highlighted by dark purple. 93 
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Table S7. Total burned area and its intersection area with the hydrography. 96 

Product State 
Burned area  

[Non-forest + Forest (km²)] 

Burned area over 
 hidrography (km²) 

% 

TREES 

AC 925.6 0.3 0.03 

AM 2650.4 11.9 0.45 

MA 5215.3 13.3 0.25 

MT 8981.1 4.6 0.05 

PA 14125.0 11.7 0.08 

RO 3661.1 0.7 0.02 

Study Area 35558.6 42.6 0.12 

MCD64A1 

AC 113.7 0.0 0.00 

AM 2914.1 299.2 10.27 

MA 5648.5 22.1 0.39 

MT 8967.6 14.9 0.17 

PA 14189.2 160.8 1.13 

RO 2680.9 22.1 0.82 

Study Area 34514.1 519.0 1.50 

GABAM 

AC 466.8 2.2 0.46 

AM 2507.6 101.3 4.04 

MA 4179.5 16.1 0.38 

MT 6002.5 13.5 0.22 

PA 12270.6 72.0 0.59 

RO 2766.4 38.0 1.38 

Study Area 28193.3 243.0 0.86 

Fire_cci 

AC 16.9 0.7 4.25 

AM 1294.6 15.5 1.19 

MA 706.1 1.0 0.14 

MT 5959.3 11.1 0.19 

PA 5735.2 4.7 0.08 

RO 1212.2 1.0 0.08 

Study Area 14924.3 34.0 0.23 

 97 
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Figure S7. Study area and the hydrography of the region. Source: Hidrography from project 99 
PANAMAZÔNIA – INPE (http://www.dsr.inpe.br/laf/panamazonia/). 100 
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Figure S8. Graphical abstract. 103 
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