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Abstract: Fire is a major forest degradation component in the Amazon forests. Therefore, it is impor-
tant to improve our understanding of how the post-fire canopy structure changes cascade through the
spectral signals registered by medium-resolution satellite sensors over time. We contrasted accumu-
lated yearly temporal changes in forest aboveground biomass (AGB), measured in permanent plots,
and in traditional spectral indices derived from Landsat-8 images. We tested if the spectral indices
can improve Random Forest (RF) models of post-fire AGB losses based on pre-fire AGB, proxied
by AGB data from immediately after a fire. The delta normalized burned ratio, non-photosynthetic
vegetation, and green vegetation (∆NBR, ∆NPV, and ∆GV, respectively), relative to pre-fire data,
were good proxies of canopy damage through tree mortality, even though small and medium trees
were the most affected tree size. Among all tested predictors, pre-fire AGB had the highest RF model
importance to predicting AGB within one year after fire. However, spectral indices significantly
improved AGB loss estimates by 24% and model accuracy by 16% within two years after a fire, with
∆GV as the most important predictor, followed by ∆NBR and ∆NPV. Up to two years after a fire, this
study indicates the potential of structural and spectral-based spatial data for integrating complex
post-fire ecological processes and improving carbon emission estimates by forest fires in the Amazon.

Keywords: forest fire; degradation; biomass; change detection; Landsat-8; Google Earth Engine

1. Introduction

The Amazon is facing a scenario of increasing forest degradation [1,2]. Moreover, in
the Brazilian Amazon, this process is potentially causing greater carbon losses than those
from deforestation [3]. Forest degradation is here defined as a human-induced process
of forest impoverishment (mainly in terms of structural complexity and biomass stock),
resulting from logging, fire, and edge effects associated with human activities. The fire
contribution to this process may further increase with climate change and deforestation [4,5],
representing a major threat to the Amazonian forests in Brazil, especially with the planned
opening/repaving of regional roads without additional environmental regulations [6,7]. It
is estimated that forest fire degradation led to gross CO2 emissions of 454 ± 496 Tg year−1

during 2003–2015, representing ~31% of CO2 emissions from deforestation in years of
regular rainfall and reaching over 50% of deforestation emissions during extremely dry
years (e.g., 2010 and 2015) [8]. However, these estimates are highly uncertain and must be
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improved to correctly quantify their contributions to the global carbon cycle and to national
greenhouse gas inventories in tropical countries [9,10].

Forest fires in the Amazon—not related to deforestation activities—are often of low
intensity and spread [11,12], being restricted to the floor if affecting standing dense
forests [11–15]. This low intensity causes markedly size- and time-dependent tree mor-
tality [16–18], immediately killing most saplings (e.g., up to 10 cm of diameter at breast
height, DBH) [19], markedly affecting small trees (10–30 cm of DBH) up to three years after
a fire [14,20], and potentially leading to delayed mortality of large trees (DBH > 40 cm) up
to about eight years after a fire [18,20]. However, both fire intensity and post-fire impacts
present high intra- and inter-site spatial heterogeneity [14,16]. For example, fire-mediated
tree mortality can represent 9 to 50% of the forest aboveground biomass (AGB) up to
3 years after a fire event [14,16], being a function of interrelated external and internal
factors. External factors are regular regional climate and extreme climatic events, regulating
drought frequency and intensity [21–24]. Internal factors determine forest microclimatic
characteristics, fuel availability, and fire sensitivity/resistance, such as forest structure,
e.g., canopy height and tree size distribution [12,25]; terrain and soil characteristics, e.g.,
flooding forest types and white-sand soils [26,27]; species composition, e.g., the presence
of sensitive/protective plant traits [28–30]. As well as tree size (e.g., DBH), wood den-
sity is an important plant trait that affects post-fire mortality, with the smaller tree sizes
and lower wood-density trees having a greater probability to die in the earlier post-fire
years [14,28,29].

To develop maps of estimated fire effects and carbon emissions, it is necessary to find
emergent properties, estimated from satellite data, that can integrate these several complex
fire-associated factors to scale-up field measurements to broader scales. An integrative vari-
able should be ideally of easy measurement and highly correlated to other variables of more
complex measurement. For example, pre-fire AGB is considered an important integrative
variable [25] since it is related to tree size distribution, wood densities, and microclimate
moisture, which affects forest flammability [12,17]. Previous works have therefore used
aboveground carbon-density maps [31,32] as the pre-fire AGB to predict post-fire AGB
across broad areas in the Amazon based on a factor of AGB loss [13,25,33]. However,
these factors were developed only for the first year after fire and later AGB losses (e.g., up
to 3 years after a fire) are more difficult to model. Other potential integrative variables,
associated with forest dynamics and perhaps mainly tree mortality, are temporal changes
(∆) in remotely sensed spectral indices, such as the normalized burn ratio (NBR) [34–36]
and subpixel fractions, e.g., non-photosynthetic vegetation (NPV), photosynthetic or green
vegetation (GV), and shade [15,37,38]. The ∆NBR was developed to define classes of burn
severity in temperate areas [39,40] but has also been applied to tropical areas [36,41,42].
The ∆NPV has been used to estimate the fraction and the absolute number of dead trees
in regular canopy gaps and forest areas affected by convective storms (blowdowns) in
the Amazon [38,43]. Nevertheless, to the best of our knowledge, there are no previous
works so far that have used changes in spectral indices to estimate changes in AGB for
Amazonian forests.

In this context, we investigated the potential of integrating temporal changes in these
traditional remote sensing spectral indices (NBR and NPV-GV-Shade fractions) derived
from Landsat satellite images to improve the aforementioned AGB loss-factor method for
predicting post-fire AGB losses. For this, we used a forest AGB dataset from an earlier field
study [14] based on yearly measurements of fire-affected permanent forest plots, installed
immediately after an El Niño understory fire (~2 months) in a dense non-flooded forest in
the Central Amazon. The mentioned field study has shown that this area was affected by
an understory fire of low intensity and irregular spread, leading to 27.3% of stem mortality
and 12.8% of AGB loss (DBH ≥ 10 cm) up to three years after the fire, concentrated in small
and medium trees. This post-fire dataset [14] was used to investigate the following three
groups of questions that support our prediction method:
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Q1. Does the pre-fire AGB define the post-fire impact on forest AGB?
Q2. How is the response of spectral indices to these post-fire changes?
Q3. Does the addition of temporal changes in spectral indices to pre-fire AGB im-

prove the regression models’ capability to predict post-fire AGB losses? Which predictive
variables are most important?

2. Materials and Methods
2.1. Study Area

Our study area is located in the northern Purus-Madeira interfluve, a dense moist
forest region [44], specifically at 3◦31′ South and 59◦15′ West, about ~90 km southeast of
Manaus (Brazil), in the central Brazilian Amazon (Figure 1a). This is a lowland region,
i.e., an extensive flat surface of medium to low soil drainage, dissected by broad seasonal
floodplains, covered by dense non-flooded (terra firme) and seasonally flooded forests [45].
According to the Climate Hazards group Infrared Precipitation with Stations (CHIRPS)
rainfall product [46], annual rainfall varies from 2000 to 2400 mm with the dry season
typically ranging from July to September (3 months year−1). According to data from
the MCD64A1 Moderate Resolution Imaging Spectroradiometer (MODIS) burned area
product [47], understory fires affected ~230 km2 of forests, i.e., ~23 thousand soccer fields
of forests, in the northern interfluve during the extreme 2015 El Niño drought—affecting
even old-growth high-biomass forests [14]. Large forest fires in this moist forest region are
typically restricted to extreme droughts [14,26]. Further descriptions of the study area can
be found in [14].
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Figure 1. Study area and permanent plot location. Base maps in (a) are the Esri World Topography
and World Street Maps. The background image in (b) is a Landsat-8 Operational Land Imager (OLI)
image from July 2017. This image consists of a false-color composite (shortwave infrared OLI band6,
near-infrared OLI band5, and red OLI band4 in the RGB channels, respectively), which highlights, in
grained dark purple tones, the burn scars from the 2015 understory fires.
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2.2. Data
2.2.1. Field Dataset

Twelve permanent forest inventory plots were installed in burned dense terra firme
forests in the study area in December 2015 (Figure 1b), about two months after the El Niño
fire event, for the study of [14]. These burned plots were located at least 250 m from forest
edges, in areas without signs of recent burns and tree logging. Each plot was censused
annually each November until 2018, totaling four censuses and three measurement intervals
of one year (Figure 2).
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kinematic global navigation satellite systems (Trimble Zephyr Geodetic 2 RoHS and Spec-
tra Precision SP60).  

 
Figure 3. Outline of a permanent plot (250 × 10 m), divided into 10 sectors (25 × 10 m). Initial and 
final sections (50 × 10 m) are the hatched sectors. 

The forest inventory encompassed all live trees, palms, and lianas with DBH (i.e., 1.3 
m of height above ground) greater than or equal to 10 cm. DBH was recorded for each 
plant in each year, and also their taxonomic information [14,16,17,48]. This dataset was 
used to calculate AGB for each permanent plot (250 × 10 m) and each section (50 × 10 m) 
in each year, using different equations for trees, palms, and lianas [49–51]. We also split 
AGB according to two tree size classes: small and medium trees (DBH < 30 cm) and large 
trees (DBH ≥ 30 cm). We then calculated the absolute and percentage temporal changes 
(∆) in AGB, relative to the estimates of December 2015 (hereafter called initial AGB), ac-
cording to the following equations, respectively AGB∆௬,௣= AGB௬,௣ − AGBଶ଴ଵହ,௣ (1) 

AGB∆%௬,௣ = (AGB௬,௣ − AGBଶ଴ଵହ,௣)AGBଶ଴ଵହ,௣ × 100 (2) 

Figure 2. Timeline of data acquisition. Field surveys were in December 2015 and November
2016–2018, including forest inventories (INV) in all these years (2015–2018), and plot georeferencing
(GEO) in 2017. Landsat-8 image mosaics (L8) are from August to September of 2015 to 2018, except
for 2016, which also included one image of early October. The white areas indicate the typical dry
season months for the study area.

Each plot was a long transect of 250 × 10 m (0.25 ha each), divided into 10 sectors
of 25 × 10 m, and 2 sections of 50 × 10 m (the initial and final 50 m of a permanent plot)
(Figure 3). Plot corners have been georeferenced with submeter accuracy using real time
kinematic global navigation satellite systems (Trimble Zephyr Geodetic 2 RoHS and Spectra
Precision SP60).
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The forest inventory encompassed all live trees, palms, and lianas with DBH (i.e.,
1.3 m of height above ground) greater than or equal to 10 cm. DBH was recorded for each
plant in each year, and also their taxonomic information [14,16,17,48]. This dataset was
used to calculate AGB for each permanent plot (250 × 10 m) and each section (50 × 10 m)
in each year, using different equations for trees, palms, and lianas [49–51]. We also split
AGB according to two tree size classes: small and medium trees (DBH < 30 cm) and large
trees (DBH ≥ 30 cm). We then calculated the absolute and percentage temporal changes (∆)
in AGB, relative to the estimates of December 2015 (hereafter called initial AGB), according
to the following equations, respectively

AGB∆y,p = AGBy,p −AGB2015,p (1)

AGB∆%y,p =

(
AGBy,p −AGB2015,p

)
AGB2015,p

× 100 (2)

where: AGB = aboveground biomass for all measured life forms (trees, palms, and lianas)
or for each tree size (small/medium or large trees); y = year of each remeasurement
(2016 to 2018); p = each permanent plot (250 × 10 m) or plot section (50 × 10 m). Note
that these temporal changes are based on the assumption that the initial forest structure
and biomass, measured in December 2015, are similar to the pre-fire conditions. This
assumption is supported by the fact that tree mortality following low intensity fires in the
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Amazon is size and time dependent [16,18], as previously explained. We do not expect that
the plant types (smaller and lower wood-density trees) mostly affected in the immediate
post-fire months [11,14,28,29] led to significant changes in the AGB in the two intervening
months between the fire and the initial field measurement. Furthermore, there were no
strong significant differences in the basal area (BA) of dead standing stems (DBH ≥ 10 cm)
between burned and unburned plots in the initial census (2015) (Table A1). All field data
were processed in R version 4.0.2 [52].

2.2.2. Remote Sensing Dataset

Landsat-8 Operational Land Imager (OLI) surface reflectance (SR) images
(30m-grid) [53]—available in the Google Earth Engine (GEE) data catalog (Collection 1,
Tier 1) [54]—were used to calculate post-fire changes in spectral indices. We followed the
methods of [55] and used the GEE cloud computing platform for selecting Landsat-8 SR
images (bands 1–7) with less than 30% of cloud coverage; eliminating cloud and shadow
areas based on the OLI Quality Assessment band. In these steps, we processed images from
August to September for 2015 to 2018 (Figure 2), except 2016, which also included one im-
age of early October. We then applied a Linear Spectral Mixing Model (LSMM) [56], called
spectral unmixing in GEE [57], to model the spectrum of each pixel from the Landsat-8
images as a linear combination of three targets (NPV, GV, and Shade), minimizing the sum
of squared errors, as described in general terms by this equation

ri = a× NPVi + b×GVi + c× Shadei + ei (3)

where: r = surface reflectance of the pixel for the i spectral band; NPV, GV, and
Shade = spectral reflectance of the reference target (non-photosynthetic vegetation, photo-
synthetic vegetation, and shade, respectively) (Figure 4); a, b, and c = proportion/fraction
values of the reference targets (NPV, GV, and Shade, respectively); e = residual error. This
method results in three fraction images (a–c), i.e., each image representing the proportion of
each target in our study area. Our reference targets (Figure 4) were manually selected near
our study area on a Landsat-8 false-color composite image (RGB654) of September 2016,
overlapped with a Sentinel-2 Multispectral Instrument (MSI, L1C) image (10m-grid) [58]
for more accurate target identification. The NPV reference was therefore selected in a large
forest gap opened on a forest edge, showing a lower near-infrared reflectance than the GV
reference; the GV reference in a green forest canopy with few intra-canopy shades; the
Shade reference in deep water body—a large river in the same Landsat-8 image.
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We also used the selected Landsat-8 images to calculate the NBR [34] by applying a
simple band math, according to this equation

NBR = (NIR− SWIR)/(NIR + SWIR) (4)

where: NIR = surface reflectance in the near-infrared wavelength (OLI band 5);
SWIR = surface reflectance in the shortwave infrared wavelength (OLI band 7).

In GEE, we constructed yearly mosaics (n = 4) of each spectral index (NBR, NPV, GV,
and Shade) according to their order in the collection for the selected months to exclude
remaining cloud pixels in our area of interest, but gave priority to images of the same
month (September) in order to avoid seasonal artifacts, e.g., caused by different canopy
leaf phenology behavior, sun-sensor illumination angles, and flood levels [36]. Note that
the 2015 mosaic is pre-fire and the others (2016–2018) are post-fire mosaics.

We used these mosaics to calculate the absolute temporal changes (∆) in NPV, GV,
and Shade relative to the pre-fire mosaics (2015) (Figure 5), following Equation (5). This
calculation followed the reverse order for ∆NBR (Equation (6)) in order that recently burned
areas presented positive ∆NBR values [36].

∆Indexy,c = Indexy,c − Index2015,c (5)

∆NBRy,c = NBR2015,c −NBRy,c (6)

where: y = each post-fire year (2016 to 2018); c = each 30 m pixel. These raster calculations
and all following steps were processed in R version 4.0.2 [52]. This approach was an
extended assessment [36], using images with about one-year intervals from the reference
image (2015) registered immediately before the fire.

Remote Sens. 2022, 13, x FOR PEER REVIEW 7 of 23 
 

 

 
Figure 5. Demonstration of the absolute temporal changes (∆) in each index (NBR, NPV, GV, and 
Shade) relative to the pre-fire image mosaic (2015), accumulated in three increasing temporal inter-
vals: 1-year (a–d), 2-year (e–h), and 3-year interval (i–l). The areas in black indicate six sections (50 
× 10 m) of burned permanent plots (250 × 10 m) measured in the field. 

We finally disaggregated each ∆Index image (30m-grid) into a 1 m grid, maintaining 
their original values, and then calculated the average of all 1m-grid ∆Index values within 
each burned permanent plot section area (plot’s initial and final 50 × 10 m, n = 24) with a 
20 m buffer around their boundaries. This is equivalent to calculating mean index values 
weighted by proportion of each pixel’s overlap with each buffered field plot section (90 × 
50 m). As the forest fire impacts on the forest structure presented high spatial variability 
even within a plot [14], this section-based clip allowed us to include more homogeneous 
changes in each ∆AGB value, to average fewer Landsat pixels, and to increase the sample 
size in comparison to clipping with the entire plot. Furthermore, this 20m-buffer was used 
because the area occupied by the tree crowns can be ~20 m larger than the area inventoried 
in field. This buffer size is approximately the radius of a large tree crown. 

Note that all field- and Landsat-based change metrics consider three increasing tem-
poral intervals since fire: 2015–2016 (1-year interval), 2015–2017 (2-year interval), and 
2015–2018 (3-year interval).  

2.3. Data Analyses 
To test whether the initial AGB defines the post-fire impacts on forest AGB (Q1), we 

employed linear regression models to assess the relationships between the initial and the 
post-fire AGB stocks, absolute changes (∆), and percentage changes (∆%), at both plot level 
and section level in the three analyzed temporal intervals. To investigate the spectral in-
dices’ temporal behavior (Q2), we also employed linear regressions between the temporal 
change in the spectral indices and the ∆AGB at section level. We removed an outlier plot 
(n = 1) where a very large tree had fallen causing an extreme outlier in both plot AGB and 

Figure 5. Demonstration of the absolute temporal changes (∆) in each index (NBR, NPV, GV, and
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of burned permanent plots (250 × 10 m) measured in the field.
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We finally disaggregated each ∆Index image (30m-grid) into a 1 m grid, maintaining
their original values, and then calculated the average of all 1m-grid ∆Index values within
each burned permanent plot section area (plot’s initial and final 50 × 10 m, n = 24) with
a 20 m buffer around their boundaries. This is equivalent to calculating mean index val-
ues weighted by proportion of each pixel’s overlap with each buffered field plot section
(90 × 50 m). As the forest fire impacts on the forest structure presented high spatial variabil-
ity even within a plot [14], this section-based clip allowed us to include more homogeneous
changes in each ∆AGB value, to average fewer Landsat pixels, and to increase the sample
size in comparison to clipping with the entire plot. Furthermore, this 20m-buffer was used
because the area occupied by the tree crowns can be ~20 m larger than the area inventoried
in field. This buffer size is approximately the radius of a large tree crown.

Note that all field- and Landsat-based change metrics consider three increasing tem-
poral intervals since fire: 2015–2016 (1-year interval), 2015–2017 (2-year interval), and
2015–2018 (3-year interval).

2.3. Data Analyses

To test whether the initial AGB defines the post-fire impacts on forest AGB (Q1), we
employed linear regression models to assess the relationships between the initial and the
post-fire AGB stocks, absolute changes (∆), and percentage changes (∆%), at both plot
level and section level in the three analyzed temporal intervals. To investigate the spectral
indices’ temporal behavior (Q2), we also employed linear regressions between the temporal
change in the spectral indices and the ∆AGB at section level. We removed an outlier plot
(n = 1) where a very large tree had fallen causing an extreme outlier in both plot AGB and
spectral indices changes, and three sections (n = 3) due to the large tree gap, evident smoke
contamination in the 2015 reference images, or a lack of char marks on trees, i.e., unburned
sectors within a burned plot. We checked if the used initial AGB data (split in sections) was
spatially autocorrelated using the Moran’s I coefficient [59] from the ape R package [60]. We
then adjusted a linear regression for each paired relationship, calculated their coefficient of
determination (R2) and significance level, using the ggpubr R package [61].

To evaluate the potential of the spectral indices to improve the accuracy of models to
predict post-fire AGB (Q3), we adjusted regression models for each temporal interval. For
this purpose, we employed Random Forest (RF) regression, which is a machine learning
algorithm that can be used for regression problems based on non-normal data [62]. It creates
a combination of numerous decision trees at random samples of training datasets to output
average predictions based on the ensemble decision. We used two groups of variables:
(1) only the initial AGB; (2) the combination of initial AGB and all spectral indices’ changes
(∆NBR, ∆NPV, ∆GV, and ∆Shade). We created RF models for each time interval and
predictor group to predict the section level absolute AGB loss (n = 16), which corresponds
to those sections with negative changes only, i.e., AGB loss. We trained and evaluated
the models with a cross-validation approach (CV) of 100 iterations. In each iteration,
we randomly subset 70% of the samples to train the models and 30% to evaluate model
errors. We trained the models with the bootstrap sampling method, using 500 decision
trees and selecting the optimal mtry hyperparameter for the modelling considering the
smallest Root Mean Squared Error (RMSE). In all iterations, selected mtry was 2. We
then evaluated model performance using the coefficient of determination (CV-R2) and the
normalized RMSE (CV-RMSE%), relative to the mean AGB loss of all sample plots. We
also evaluated the average absolute importance of each predictor from the full models by
computing multiple pairwise comparisons using the Tukey’s Honest Significant Difference
tests. Finally, we produced partial dependent plots to evaluate the marginal effects of each
variable on predicting AGB loss values. Note that, as the section-level ∆NBR and the ∆NPV
are highly correlated (Pearson’s r = ~0.86), we discarded one of them from the full models,
keeping that which generated the highest average R2. These analyses were performed with
the randomForest, caret, pdp, and multcomp R packages [63–68].
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3. Results
3.1. Relationships between Initial and Post-Fire Biomass Stocks

Initial AGB ranged from 145.9 to 265.4 Mg ha−1 between plots. The outlier plot had
405.5 Mg ha−1 of initial AGB. This plot had a visgueiro tree (Parkia pendula (Willd.) Benth.
Ex Walp, Fabaceae) of 139.6 cm DBH (~15 Mg of AGB), a very large tree species with a
unique flat and large crown. This tree died and fell between the 2015 and 2016 censuses.
Alone, this tree represented 18% and 76% of its initial plot and section AGB, respectively.

Post-fire AGB was highly related to the initial AGB (p≤ 0.001) in all analyzed intervals
(Figure 6, row 1). The significance of the plot-level relationships between both AGB change
metrics (∆ and ∆%) and the initial AGB increased with increasing time intervals, i.e., from
the 1-year to the 3-year time interval (Figure 6, rows 2 and 3). All adjusted regressions
presented negative intercepts and positive slopes, indicating that the lower the initial plot-
level AGB the greater the AGB loss. Furthermore, ∆AGB and ∆AGB% regression intercepts
decreased with increasing time intervals, while slopes and R2 increased, indicating that
these loss relationships became even more pronounced and generalized over time. There-
fore, ∆AGB and ∆AGB% regressions reached their maximum significance in the 3-year
interval (p = 0.073 and 0.0078, respectively). Section-level relationships presented a similar
behavior (Figure A1), but ∆AGB and ∆AGB% showed marked trends (p = 0.035 and 0.0052,
respectively) in the two years after the fire, losing significance in three years. We highlight
that the initial AGB data used in these section-level analyses are not affected by spatial
autocorrelation (n = 21; Moran’s I = −0.023; p = 0.815).
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Figure 6. Plot-level relationships between the initial aboveground biomass (AGB) (x-axes) and the
remaining post-fire AGB, absolute change (∆), and percentage of change (∆%) (y-axes), accumulated
in three increasing temporal intervals (columns). Initial AGB was sampled at ~2 months after the
fire and the remaining AGB was registered at one, two, and three years after the fire. Each plot
received the same color in all subfigures to facilitate tracking their temporal behavior. Dashed lines
are references for no change. Shaded backgrounds represent 95% confidence intervals, of which
transparency levels highlight significant regressions in dark blue (p ≤ 0.05) and regressions with
marginal significance in light blue (0.1 ≥ p > 0.05).
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3.2. Relationships between Spectral Indices and Structural Changes

Section-based ∆NBR, ∆NPV, and ∆GV values showed significant relationships with
∆AGB in the two- and third-year intervals (p ≤ 0.036, Figure 7, second and third rows).
∆Shade did not show a linear relationship with ∆AGB (p ≥ 0.26). As expected, these
paired relationships show that the post-fire AGB losses promoted increases in both ∆NBR
and ∆NPV and decreases in ∆GV. However, note that this is a tendency but not a rule.
For example, the leftmost section of the first column had near zero ∆AGB and a ∆GV
increase, having ~80% of burn coverage. These spectral indices’ changes, mainly the ∆NBR,
responded to the ∆AGB for small and medium trees (DBH < 30 cm) in the 3-year interval
(Figure A2b), increasing the significance of these relationships with increasing post-fire
time intervals. Note that we did not find significant relationships between any evaluated
spectral indices and the ∆AGB for larger tree sizes (DBH ≥ 30 cm) (Figure A2a).
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indices (x-axes) and the absolute changes (∆) in the AGB after the fire. All change values were accu-
mulated in three increasing post-fire intervals (rows). Each section received the same color attributed
to its respective plot in Figure 6. Dashed lines are references for no change. Shaded backgrounds
represent 95% confidence intervals, of which transparency highlights significant regressions in dark
blue (p ≤ 0.05) and regressions with marginal significance in light blue (0.1 ≥ p > 0.05).

3.3. Biomass Loss Modelling

Including temporal changes of spectral indices in the initial biomass RF models
significantly increased model performance for predicting post-fire AGB loss in all intervals
considering R2, but only in the 2-year interval considering RMSE (Figure 8). Considering
this interval, the spectral indices increased average R2 by 24% (from 0.603 to 0.750, p < 0.001)
and decreased average RMSE by 16% (from 81 to 68%, p < 0.001). The spectral indices also
increased average R2 by 5% for the 1-year interval (p < 0.01) and 28% for the 3-year interval
(p < 0.001), but average RMSE was not affected (p > 0.05). Using only spectral indices did
not improve R2 and RMSE (p > 0.05, Table A2). Linear relationships between section-level
AGB loss and the ∆Indices data subset used in RF models are available in Figure A3.
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used for predicting the post-fire AGB loss in three increasing accumulated temporal intervals. Perfor-
mance metrics include the R2 and RMSE from the 100 model runs for each dataset. Dots represent
average values. Symbols and letters indicate significance levels of statistical differences between
predictor groups according to unpaired Wilcoxon tests: ns (p > 0.05), ** (p ≤ 0.01), *** (p ≤ 0.001), and
**** (p ≤ 0.0001).

Initial AGB was the most important variable for predicting the post-fire AGB loss in
the 1-year interval, while ∆GV assumed this position in the other two intervals, followed by
∆NBR (Figures 9 and A4). Considering the 1-year interval, the variables ranked according
to their importance followed this priority order: initial AGB, ∆NBR, ∆Shade, and ∆GV.
Considering the other time intervals, the importance order was: ∆GV, ∆NBR, ∆Shade, and
initial AGB. Note that initial AGB and ∆Shade were the least important variables in the full
RF models in the 3-year interval, as indicated by average negative values of importance.
Partial dependence plots suggest that the relationships between predicted AGB loss and
the most important predictors (initial AGB, ∆GV, and ∆NBR) are not linear (Figure A4).
Overall, AGB loss decreases with increasing initial AGB, but in the 1-year interval there is
a sharper decrease from lower to intermediate values of initial AGB. Similarly, the ∆GV
relationship presented sharp inflection points in the 2- and 3-year intervals.
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Figure 9. Absolute importance (x-axes) of the four variables (y-axes) used in the full Random
Forest models in each accumulated post-fire temporal interval to predict the post-fire AGB loss in
three increasing temporal intervals. Common characters identify the variables with similar average
importance according to multiple pairwise Tukey’s tests.
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4. Discussion
4.1. Post-Fire Biomass Losses Accounting for Spatial Variability

We showed that the initial forest AGB is an important integrative variable to model
the spatial variability of the post-fire AGB losses, as indicated by previous studies [25],
but this study brings novelty by constructing significant regressions with the addition of
spatial variables to estimate the percentage changes in AGB up to three years after a fire.
Post-fire AGB changes are strongly related to the pre-fire AGB stocks not only because
these are the AGB susceptible to loss, but mainly because AGB is directly related to forest
structure. Lower AGB stocks are usually related to trees of smaller sizes and lower wood
densities, which are more susceptible to dying after a fire event [14,28]. Furthermore, lower
AGB stocks are also related to shorter and/or more open canopies (gap occurrences)—that
provide drier microclimate conditions, allowing greater fire spread and intensity [12].

The use of regressions with intercepts and slopes for predicting post-fire AGB stocks
or losses based on the initial AGB stocks accounts for the fact that these losses are not only
spatially heterogeneous but also size dependent. Considering a local or regional context,
this approach is better than applying factors (slopes only) of post-fire AGB loss to calculate
committed carbon emissions, as the factors 0.10–0.50 adopted by [13], and 0.29 by [25].
However, our regressions (in Figure 6) and the cited factors were developed and adopted
in different contexts. Our regressions are based on empirical plot data and should be valid
for the northern Purus-Madeira interfluve region, accounting for up to 3 years after a
fire. It was derived for terra firme forest areas only, as in [13]. On the other hand, [25]’s
factor is more generic, being derived from site-based averages for one-year after a fire,
including data from dense forest, open forests, and savanna areas across the Brazilian
Legal Amazon. However, due to the limitation of field measurements, our regressions and
factors were adjusted with all available data and not splitting a subset to estimate model
errors (cross-validation).

4.2. Spectral Indices Are Sensitive to Accumulated Tree Mortality

Our linear regressions show that ∆NBR, ∆NPV, and ∆GV indices indicate canopy
damage through tree mortality, which is the main short term post-fire ecological process,
although this damage occurred in the lower canopy (trees with DBH < 30 cm). Despite
not finding any previous work showing linear relationships between ∆AGB and temporal
changes in these spectral indices for Amazonian forests, these relationships were expected
because: (1) ∆NBR is considered as a measure of the degree of environmental changes,
often called burn severity in remote sensing studies [36,42]; (2) ∆NBR is highly related to
the ∆NPV, which is known as an excellent proxy for stem mortality [38,43]; (3) ∆GV was
practically inversely proportional to ∆NPV—as shown by regressions with similar slopes in
Figure 7. Interestingly, despite the greater tree mortality that occurred within the first year
after the fire [14], a linear relationship between these spectral indices and AGB changes
became significant only two years after the fire, being even more pronounced three years
after the fire. This suggests that a certain accumulated tree mortality of small and medium
trees is needed to cause significant changes in the analyzed spectral indices—derived
from mid-resolution multispectral images—for predicting AGB changes. Moreover, note
that our regressions to estimate ∆AGB as a function of ∆NPV achieved lower coefficients
of determination (R2 = 0.21–0.23, p = 0.024–0.031) than a previous study using ∆NPV
to estimate the absolute number of dead trees in gaps (R2 = 0.32, p = 0.001) [38]. We
hypothesize that our coefficients of determination could have been even greater if we
had pre-fire field measurements as our reference mosaics (2015), not initial (immediate)
measurements of about two months after the fire.

Once post-fire tree mortality returns to pre-fire levels, we expect that ∆NPV (and
∆NBR) values will decrease and ∆GV will increase as necromass is decomposed and tree
regeneration covers the forest floor and closes the forest canopy. Therefore, the forest should
present, to some degree, characteristics of secondary forests, which include less woody
material and canopy shadows being exposed in the forest canopy than the surrounding



Remote Sens. 2022, 14, 1545 12 of 20

undisturbed forests [67]. In subpixel treefall gaps, blowdown disturbances, and selective
logging, for example, the initial ∆NPV increase is ephemeral [38,68], but we found that
this ∆NPV signal can last longer (at least up to 3 years after a fire) in some fire-affected
forest areas because of continued tree mortality [18]—and probably branch mortality in
trees partly affected by the fire. Following the findings of previous studies on temperate
forests, we expect that recovery times for these indices are presumably a function of their
pre-fire values, maximum temporal change (∆), local post-fire climate, and also local
topography characteristics [35,69]. It is important to highlight that, unlike these remote
sensing indices [15], forest functioning, structure, and biodiversity in dense tropical forests
may take a few decades to recover to pre-fire levels [18,70].

4.3. Spectral Indices’ Changes for Predicting Biomass Losses

In accordance with the linear relationships previously discussed, the spectral indices’
changes significantly improved the accuracy of the loss-factor method for predicting post-fire
AGB losses in the 2-year interval. This approach significantly increased R2 and decreased
the RMSE, but the RMSE was still high (~68% of the mean AGB loss). The use of plot
sections (instead of entire plots) allowed cross-validation for error estimation, but increased
data dispersion—as indicated by a greater R2 for the plot-based linear regression between
∆AGB ~ ∆NBR compared to the section-based regression (R2 ≤ 45% and≤ 23%, respectively).

∆GV and ∆NBR were the most important variables for predicting post-fire AGB
losses in the short term (2- and 3-year intervals). One explanation for these variables
having a greater importance than the initial AGB—the least important variable in these two
intervals—is the fact that these predictors are temporal changes as the outcome is variable.
Furthermore, the greater ∆GV importance may reflect the lost tree sizes. As the small
and medium trees presented greater mortality rates [14], their necromass was partially
covered by a tall forest canopy and, therefore, the signal of the lost tree crows (−∆GV)
was more consistent than the signal of the necromass gain (+∆NPV). This also suggests
that the formed canopy gaps were not large enough to have their spectral signal diluted in
the signal of the surrounding live trees. As shown by [38], ∆NPV is more sensitive to tree
mortality events when occurring clustered (composed by six or more trees), and this was
probably not the case in the greatest part of our studied plots.

4.4. Limitations of This Study

We faced some logistical and/or methodological issues that may have precluded
better results. These issues were related to the field data acquisition time, the size of our
permanent plots, and the availability of remote sensing data, as detailed below.

Our immediate field assessment, with the permanent plots installed about two months
after the fire, is not the best scenario. Obviously, the ideal assessment includes at least
one pre-fire census, e.g., permanent plots that were burned, that rarely occurs in natural
experiments in the Amazon [48,71–73]. These rare cases are mostly composed of a few
permanent plots partially burned in degraded forests (e.g., logging) [71,73] and do not
provide adequate spatial variability for site-level remote sensing assessments. Our imme-
diate assessment with permanent plots allowed us to have reference data to temporally
track AGB changes within each plot. This approach is valid considering the fact that the
forest was affected by a low intensity fire [14]; post-fire tree mortality is size and temporal
dependent in dense Amazonian forests [16,18]. This approach type can open the path
for a better understanding of the post-fire temporal changes in spectral indices for this
forest type. However, we advise that future immediate post-fire field assessments should
also record whether trees or other vegetation were killed by the fire to reconstruct pre-fire
AGB [74]. Finally, it is important to highlight this is still a difficult approach to be conducted
in field and contributed to our limited number of plots: when the burned areas were located
and the plots were installed, understory fire scars were not evident in satellite images yet.
This limited plot number presumably precluded us from developing more accurate remote
sensing models [75].
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Our rectangular (transect-sized) plots are not ideal for remote sensing analyses. This
plot format includes a random sampling factor that helps to minimize potential selection
bias in field-based studies [16]. However, its large perimeter–area ratio [76] favors confusion
in tree inclusion/exclusion at plot edges in remote sensing studies [77], and includes many
Landsat-image pixels within the plot area. Moreover, smaller plot sizes (0.25 ha) are
susceptible to biases caused by the occurrence of huge trees (e.g., DBH > 100 cm), causing
overestimated AGB values and outlier temporal changes—as was the case for one of our
plots. Furthermore, smaller plots increase data variability between plots, increasing model
errors [75]—as was the case in our section-level analyses. However, note that 0.25 ha
is considered as the minimum plot size required for sampling tree AGB in the central
Amazon [78] and for achieving remote sensing AGB models of acceptable errors [79].

The date of the fire event precluded us from including temporal changes in indices
derived from Sentinel Synthetic Aperture Radar (SAR) images in our analyses, and from
finding reference optical images for 2014 to proceed with an early assessment of fire
severity [36]. As these SAR images were registered with a lower temporal frequency in
the beginning of their acquisition series (2015–2016), we could not find yearly images
registered around the same time of year encompassing our study interval (2015–2018).
For an early assessment of fire severity, we needed Landsat-8 images from immediately
after the fire (November/December 2015) and a reference pre-fire image with a one-year
interval (November/December 2014). However, the construction of a cloud-free reference
mosaic was not possible for November/December 2014, which are regular cloudy dry–wet
transition months. For this same reason, we also failed in processing this early assessment
with Landsat-7 Enhanced Thematic Mapper (ETM+) and Sentinel-2 MSI mosaics.

4.5. Implications for Future Studies

As we progress in understanding the biophysical mechanisms and biological factors
that allow fire spread/intensity and tree mortality [11,12,14,18,28–30], we should be able
to improve the existing approaches for modeling post-fire AGB losses. Our results, based
on linear models, showed how the pre-fire AGB is important for modeling these losses in
the short term. Furthermore, we have shown that spectral indices are useful for modeling
post-fire AGB losses, taking advantage of the actual open cloud computing platforms
in which important medium-resolution satellite imagery is available (e.g., Landsat and
Sentinel collections) [80]. However, we consider that this finding is valid for one-site (or
regional) analysis, and the lowest importance of initial AGB in our RF models for 2- and
3-years after a fire is not enough to discourage the use of structural data, especially for
broader analyses. We still indicate that pre-fire AGB is a key spatial variable, integrating
our knowledge of the relationships between tree size, microclimate, fire intensity, and tree
mortality. In the future, models of carbon emissions from forest fires over broad regions in
the Amazon will probably use structural, spectral, topographic, and climate-related metrics
and/or indices [35,69,81]—e.g., water-table depth [26,27], regular dry season length [82],
and Maximum Climatological Water Deficit (MCWD) [21].

Therefore, we suggest that future studies should continue testing models that consider
both pre-fire AGB and temporal changes in spectral indices as predictors, but include a
greater number of forest inventory plots and sites to decrease the observed model errors [83].
Other spectral indices could also be tested, e.g., textural metrics, as it has been pointed out
in previous studies that these metrics have explanation power to discriminate between
successional forest stages in Amazonian forests [84]. Further improvements could include
LiDAR and/or SAR data, e.g., GEDI and ALOS-PALSAR, respectively, which provide
direct information of structural properties [85,86]. Repeated LiDAR acquisitions in burned
areas, with surveys before fire or immediately after fire, could reduce the need for reliable
pre-fire forest inventory data for the application of the approach presented in this study.
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Appendix A

Table A1. Comparisons among plot-level basal area (BA) of dead and live standing trees
(DBH ≥ 10 cm) between burned (n = 12) and unburned (n = 6) permanent plots. This is the initial-
census data (December of 2015), recorded two months after the fire. Heteroscedasticity was assumed
in all cases due to the different sample sizes. Welch’s t-test was used in the cases of normality, accord-
ing to previous Shapiro’s test. Non-parametric Mann-Whitney U test was used in all comparisons.

Tree State Size Class
(DBH)

Mean BA (± s.d.) (m2 ha−1) p-Value

Burned Unburned Welch’s t Test Mann-Whitney U Test

dead

10− 0.49 (±0.26) 0.26 (±0.21) 0.181 ns 0.053 m

20− 0.32 (±0.31) 0.33 (±0.28) - 0.888 ns

30− 0.47 (±0.57) 0.7 (±0.7) - 0.538 ns

40− 0.16 (±0.29) 1.3 (±0.37) - 0.001 *

50+ 0.53 (±0.87) 0.38 (±0.62) - 0.867 ns

all 1.97 (±0.82) 2.97 (±1) 0.048 * 0.067 m

live

10− 4.68 (±0.67) 4.39 (±0.57) 0.440 ns 0.553 ns

20− 4.77 (±0.88) 4.68 (±0.62) 1.000 ns 1.000 ns

30− 4.2 (±1.41) 4.5 (±1.49) 0.665 ns 0.682 ns

40− 3.08 (±1.21) 2.26 (±0.36) 0.061 m 0.083 m

50+ 6.84 (±5.24) 4.56 (±3.55) - 0.494 ns

all 23.56 (±5.23) 20.39 (±2.86) - 0.151 ns

ns no significant difference; m marginal significant difference; * significant difference at the 95% confidence level.

https://doi.org/10.5061/dryad.ncjsxkstf
https://doi.org/10.5061/dryad.ncjsxkstf
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Figure A1. Section level relationships between the initial aboveground biomass (AGB) (x-axes) and 
the remaining post-fire AGB, absolute change (∆), and percentage of change (∆%) (y-axes), accumu-
lated in three increasing temporal intervals (columns). Initial AGB was sampled at ~2 months after 

Figure A1. Section level relationships between the initial aboveground biomass (AGB) (x-axes)
and the remaining post-fire AGB, absolute change (∆), and percentage of change (∆%) (y-axes),
accumulated in three increasing temporal intervals (columns). Initial AGB was sampled at ~2 months
after the fire and the remaining AGB was registered at one, two, and three years after the fire. Each
section received the same color attributed to its respective plot in Figure 6. Dashed lines are references
for no change. Shaded backgrounds represent 95% confidence intervals and are used to highlight
significant regressions (p ≤ 0.05).
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All change values were accumulated in three increasing post-fire intervals (rows). Each section
received the same color attributed to its respective plot in Figure 6. Dashed lines are references for no
change. Shaded backgrounds represent 95% confidence intervals, of which transparency highlights
significant regressions in dark blue (p ≤ 0.05) and regressions with marginal significance in light blue
(0.1 ≥ p > 0.05).
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Figure A3. Section level relationships between the initial AGB and the absolute changes (∆) in three
satellite-based spectral indices (x-axes), and the absolute AGB loss after the fire (b). This dataset was
used in the Random Forest analysis. All change values were accumulated in three increasing post-fire
intervals (rows). Each section received the same color attributed to its respective plot in Figure 6.
Dashed lines are references for no change. Shaded backgrounds represent 95% confidence intervals,
of which transparency highlights significant regressions in dark blue (p ≤ 0.05) and regressions with
marginal significance in light blue (0.1 ≥ p > 0.05).

Table A2. Cross-validation (CV) performance of Random Forest models, including six combinations
of the variables (with and without initial AGB) tested to predict post-fire AGB loss in three increasing
accumulated temporal intervals. Performance metrics include R2, absolute RMSE, and normalized
RMSE (%) from 100 model runs for each CV subset.

Post-Fire Interval Predictors R2 RMSE RMSE(%)

1-year

initial AGB 0.65 0.42 80.3

initial AGB + ∆NBR + ∆GV + ∆Shade 0.69 0.43 82.9

initial AGB + ∆NPV + ∆GV + ∆Shade 0.68 0.44 84.1

∆NBR + ∆GV + ∆Shade 0.65 0.44 84.2

∆NBR + ∆NPV + ∆GV + ∆Shade 0.65 0.44 85.0

∆NPV + ∆GV + ∆Shade 0.63 0.45 86.9

2-year

initial AGB + ∆NBR + ∆GV + ∆Shade 0.75 0.54 67.9

initial AGB + ∆NPV + ∆GV + ∆Shade 0.75 0.54 68.1

∆NBR + ∆GV + ∆Shade 0.74 0.55 69.6

∆NPV + ∆GV + ∆Shade 0.74 0.55 69.7

∆NBR + ∆NPV + ∆GV + ∆Shade 0.74 0.57 71.0

initial AGB 0.60 0.64 81.0
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Table A2. Cont.

Post-Fire Interval Predictors R2 RMSE RMSE(%)

3-year

∆NBR + ∆NPV + ∆GV + ∆Shade 0.71 0.76 86.4

∆NBR + ∆GV + ∆Shade 0.71 0.77 87.3

∆NPV + ∆GV + ∆Shade 0.71 0.78 88.1

initial AGB + ∆NBR + ∆GV + ∆Shade 0.70 0.80 90.9

initial AGB + ∆NPV + ∆GV + ∆Shade 0.71 0.81 91.8

initial AGB 0.55 0.87 98.8
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