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A B S T R A C T   

The Brazilian Cerrado biome consists of a highly heterogeneous tropical savanna, and is one of the world’s 
biodiversity hotspots. High rates of deforestation, however, place it as the second-largest source of carbon 
emissions in Brazil. Due to its heterogeneity, biomass and carbon stocks in the Cerrado vegetation are highly 
variable, and mapping and monitoring these stocks are not a trivial effort. To address this challenge, we built an 
aboveground woody biomass (AGWB) model for the Cerrado biome using 30-m resolution optical satellite im-
agery (Landsat-5 and Landsat-8), 25-m resolution SAR imagery (ALOS and ALOS-2), and a set of plot-based and 
LiDAR-derived AGWB estimates (n = 1858) from a wide network of researchers in Brazil. We implemented both a 
Classification and Regression Tree (CART) and a Random Forest (RF) algorithm to model AGWB over the native 
vegetation in the year 2019 (as classified by MapBiomas) in the Cerrado. The RF algorithms resulted in a slightly 
better result (R2 

= 53%; rel. RMSE = 57%) than the CART model (R2 
= 45%; rel. RMSE = 63%), but our map 

shows an underestimation of very high AGWB (negative bias over 200 t ha− 1) and a slight overestimation of low 
AGWB (positive bias), especially in the RF model (bias of 1.19 t ha− 1 against 0.86 t ha− 1 for the CART model). 
We believe we have contributed to knowledge on the woody biomass stocks in the biome, especially in the 
predominant savanna woodlands, which is where the highest current rates of conversion take place in the 
Cerrado.   
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1. Introduction 

Savannas are dynamic ecosystems, marked by the co-existence of 
trees and a continuous grassy-herbaceous layer, where growth patterns 
are determined by wet and dry seasons (Bourlière & Hadley, 1983). In 
general, savannas grow in tropical regions 8◦ to 20◦ from the Equator. 
Temperatures are warm to hot in all seasons, but significant rainfall 
occurs for only a few months each year - from about October to March in 
the Southern Hemisphere. Considering the length of the dry season, 
savannas can be divided into dry and wet savannas. In wet seasonal 
savannas, such as the Brazilian Cerrado, the dry season typically lasts 
3–5 months, with approximately 80% of the annual rainfall falling 
during the wet season (Castro et al., 1994). Soil factors are also impor-
tant determinants of Cerrado physiognomies. The landscape units are 
intensively weathered and well-drained terrains resulting in soils that 
are dominantly acidic Oxisols. In the Cerrado, soil, water availability, 
weather, and local and regional topographic variations create a signif-
icant variety of inner ecosystems and subtypes of savanna, such as 
grasslands, shrublands, woodlands, and dry forests (Ribeiro & Walter, 
2008). 

The Brazilian Cerrado is the second largest biome in South America, 
comprising approximately 2 million Km2 (or 23% of Brazil’s territory). 
This highly heterogeneous tropical savanna is one of the world’s 
biodiversity hotspots (Myers et al., 2000). The Cerrado covers a wide 
latitudinal and environmental gradient and is composed of a mosaic of 
plant formations from open grasslands (7%) to dense forests (32%), 
while most of its area (61%) is typically woodland savanna (Ribeiro & 
Walter, 2008; Sano et al., 2010). Due to its high structural heterogeneity, 
biomass and carbon stocks in the Cerrado are highly variable, so map-
ping and monitoring these stocks is not a trivial effort. Moreover, most 
biomass mapping initiatives in Brazil or in the tropics are calibrated with 
the focus on tropical rainforests (de Almeida et al., 2019; Avitabile et al., 
2016; Baccini et al., 2012; Saatchi et al., 2011; dos Santos et al., 2019), 
with the few exceptions of more localized efforts (e.g. Scolforo et al., 
2016; Silveira et al., 2019, in the state of Minas Gerais). To date, there is 
no wide-ranging mapping effort covering the entire biome using a 
remote sensing approach well-calibrated with a range of local field in-
ventory data along the Cerrado. 

The Cerrado has one of the lowest proportions of protected carbon 
stocks in Brazil since only around 6.5% of its territory are legally pro-
tected areas (Françoso et al., 2015). This biome currently faces high 
rates of land conversion, and the main driver of this process is the 
expanding agricultural and cattle ranching frontier (Alencar et al., 2020; 
Spera et al., 2016; Strassburg et al., 2017). Between 1985 and 2019, 
agricultural areas increased 225%, while pastures increased 13% across 
the biome, leaving only 53% of its original vegetation (MapBiomas 
Collection 5.0). Due to the high rates of vegetation loss, the conversion 
of the Cerrado represents the second greatest source of carbon emission 
in Brazil, after the Amazon deforestation (SEEG Brasil, 2020). At the 
same time, according to the Brazilian law that regulates the native 
vegetation conversion in private lands, named Forest Code, landowners 
must conserve the native vegetation in 20–35% of their property in the 
Cerrado, whereas those in the Amazon biome should conserve 80% 
(Soares-Filho et al., 2014). This represents 326 thousand Km2 of legal 
native vegetation clearing in the Cerrado, releasing 3.2 GtCO2 emissions 
into the atmosphere (Russo et al., 2018). In addition, there are 25.6 
thousand Km2 of undesignated public areas in the Cerrado, with no clear 
land tenure and being easily targeted by irregular deforestation and land 
grabbers. Also, most of deforestation (98%) in the Cerrado has evidence 
of irregularity or illegality (Azevedo et al., 2021). There is great urgency, 
therefore, to develop a fast and reliable method to monitor large-scale 
aboveground biomass while minimizing uncertainties and improving 
resolution. 

Aboveground woody biomass (AGWB) is traditionally estimated by 
direct plot-based forest inventories. These methods depend on field- 
measured tree attributes, such as diameter at breast height, tree 

height, and other variables such as species and/or wood density, which 
are then used to estimate biomass by means of allometric equations (e.g. 
Alvarez et al., 2012; Baskerville, 1972; Chave et al., 2005; Chave et al., 
2014; Feldpausch et al., 2011; Oliveira Filho & Scolforo, 2008; Rezende 
et al., 2006; Roitman et al., 2018). However, the need to quantify and 
monitor AGWB over large extents and at short time scales cannot be met 
with these field methods. The spatial and temporal constraints of these 
approaches, together with the costs of large-extent and repetitive field 
campaigns, hinder the capturing of stock change over short periods of 
time, making these methods less appropriate for detecting disturbance 
and recovery, which is crucial information for reliable carbon ac-
counting (Houghton, 2005). Nevertheless, field measurements are crit-
ical to calibrate and validate remote sensing estimates of biomass and 
vegetation structure. 

The estimation of vegetation structure and biomass stocks over large 
extents depends on the calibration of models relating plot-based in-
ventory data and remotely-derived products. Information on field-based 
reference aboveground biomass is, in this way, related to the spectral 
signatures at the pixel scale, and a predictive model aimed at extrapo-
lating this relationship is built (Avitabile et al., 2016; Baccini et al., 
2012). Openly available optical satellite data, such as from the Landsat 
series or from Sentinel-2, despite facing issues with cloud cover, provide 
multispectral data of the entire Earth’s surface at high repeat-pass rates, 
thus providing the spatial and temporal scales necessary for monitoring 
vegetation structure at moderate resolutions (10–30 m) (e.g. Avitabile 
et al., 2012; Baccini et al., 2008; Chen et al., 2018; Houghton et al., 
2011; Leitão et al., 2018; Schwieder et al., 2016). A large body of 
literature has been focused on deriving and testing indices from satellite 
imagery that reflect differences in the vegetation structure and above-
ground woody biomass at the pixel-scale (Powell et al., 2010; Schultz 
et al., 2016). Active sensors, such as Synthetic Aperture RADAR (SAR), 
are a different and complementary set of products that capture infor-
mation on the structure of vegetation stands (Bispo et al., 2014; Bispo 
et al., 2019; Joshi et al., 2017; Le Toan et al., 1992; Ouchi, 2013). 
Therefore, the integration of a multi-sensor approach using multi- 
spectral optical data and SAR data with longer wavelengths (L or P 
bands) is still the best option to continuously monitor vegetation 
structure (Omar et al., 2017; Chang and Shoshany, 2016; Sinha et al., 
2016). 

In this study, we compiled field-based vegetation data from a 
network of organizations across the Cerrado biome, and investigated the 
relationships between plot-based field measurements and satellite im-
agery to train an aboveground woody biomass (AGWB) model for the 
biome. We explored the potential of a set of remote-sensed (optical and 
radar) indices to predict AGWB in the Brazilian Cerrado, and thus 
generate a benchmark map of AGWB from field plot data for the three 
predominant vegetation types in the biome for the year 2019 (savannas, 
forests, and grasslands), while also providing a spatially-explicit account 
of model uncertainty. 

2. Materials and methods 

2.1. Study area 

The Cerrado biome is located in central Brazil. This biome presents 
wide latitudinal variation (22.4◦), and elevation ranges from sea level to 
1800 m altitude. The climate is tropical, classified as Köppen’s Aw class, 
due to its strong seasonality: a dry winter from May to September and a 
rainy summer from October to April (Alvares et al., 2013). The annual 
precipitation varies between 600 mm and 2000 mm, being drier in the 
Northeast bordering the semi-arid Caatinga and wetter in the West 
bordering the Amazon (Assad, 1994). The average annual temperature is 
approximately 22–23 ◦C (Coutinho, 2002). Although the absolute 
maximum temperature does not vary much over the year but can exceed 
40 ◦C, the absolute minimum temperature varies widely, occasionally 
dropping below freezing in the winter months (June and July) in some 
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southern parts of the biome (Coutinho, 2002). 
The Cerrado vegetation can be classified into three predominant 

formations, from grasslands to savanna woodlands and forests (Ribeiro 
& Walter, 2008). The degree of woodiness is the basic criterion to 
distinguish them. According to Ribeiro and Walter (2008), grasslands 
are characterized by the dominance of a herbaceous-shrub stratum, with 
sparsely distributed trees; the savanna woodlands have variable tree/ 
shrub/grass strata, with canopy cover ranging from 50% to 70%; and 
forest formations are denser, with relatively larger and taller trees, 
absence of a grass stratum, with canopy cover ranging from 50% to 95%. 
Total plant biomass varies according to the type of formation, with an 
average of 24.75 tC ha− 1 in grasslands, 39.9 tC ha− 1 in savannas, and 
80.6 tC ha− 1 in forests (MCTIC, 2020). 

2.2. Response variables and predictors 

2.2.1. Calibration data 
We obtained data from field-based inventories of the woody 

vegetation from a network of collaborators, initially based on the 
compilation by Roitman et al. (2018), and from the literature (Ottmar 
et al., 2001 for grasslands). These field plots are widely distributed in the 
biome, despite presenting clear gaps in the northern and southern re-
gions (Fig. 1). Some plots were sampled outside the official limits of the 
Cerrado (IBGE, 2019), but consisted of Cerrado formations. We still 
considered those located at a maximum distance of 100 Km from the 
boundaries of the biome since transition zones between biomes are not 
abrupt, but a continuum with vegetation-structure gradients. 

Our field data compilation resulted in a total of 1373 plots, out of 
which 598 (43.5%) were forest plots, 762 (55.5%) were in savanna, and 
13 (<1%) were grassland plots. In addition to the field plot data, we used 
airborne LiDAR footprint data available in the Rio Vermelho Watershed, 
state of Goiás, produced by the Sustainable Landscapes project led by the 
Brazilian Enterprise for Agricultural Research Corporation (EMBRAPA), 
which was calibrated to predict AGWB in a previous study (da Bispo 
et al., 2020), with highly satisfactory results (R2 = 0.93, and RMSE =
6.74 t ha− 1). The AGWB footprint was divided into 25 × 25-m pixels, 

Fig. 1. Cerrado biome and the location of all compiled plots (and an airborne LiDAR footprint) with information on aboveground woody biomass. The three 
predominant vegetation types considered are shown according to the stable classified map by the MapBiomas initiative (Collection 5.0), over which our models will 
be predicted. Some plots were located outside the official Cerrado boundaries, but since they comprise sampling efforts of the Cerrado vegetation in transition 
regions, we considered a 100-Km buffer for inclusion in our study. 
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and each pixel was included as an additional sample in our dataset. This 
produced additional 485 samples extracted from the LiDAR footprint, 
which resulted in a total dataset to train the models composed of 1858 
samples across the Cerrado. 

The dates of sampling varied between 1995 and 2020 (Table S1). 
Plot size also varied. Most savanna plots had 20 × 50-m dimensions; 
grasslands had 10 × 10-m plots, while forest plots were the ones with the 
highest size variability, most of them (75% of the forest plots) being 20 
× 20-m in size. Some forest plots were contiguous and were treated as a 
single cluster, especially in riparian forests (gallery forests), which are 
commonly narrow strips of forest. For instance, four 10 × 10-m plots 
forming a contiguous line were considered a single cluster of 10 × 40 m. 
Original plot sizes are presented according to location in Table S1. A few 
plots in riparian forests from the Tocantins state dataset had to be 
excluded from our study. They were composed of single 10x10-m plots 
presenting very high AGWB estimates due to the presence of very large 
trees within the small plots. These plots could not be used, since the 
extrapolation of these small plots to an AGWB density approach (t ha− 1) 
rendered unrealistic large values of biomass. 

In order to account for errors in the geolocation of the plots, as well 
as account for differences in scale between the sampled plots and the 
imagery pixels, we built buffers around each plot/cluster of plots, so that 
spectral signatures were extracted from the pixels that intersected the 
buffers, and consisted of the mean values of these pixels. In the case of 
20 × 50 m plots, we built a 25 m radius buffer around the centroid of the 
plot; for 10 × 10 m plots/clusters, we built a 15 m radius buffer; for 20 ×
20 m plots, we built a 20 m radius buffer; and in the case of the few 100 
× 100 m plots present in the dataset, we built a 50 m radius buffer. 

We estimated the AGWB in each sampling plot from field-measured 
diameter at breast height (DBH) or at base height (Db, which is 30 cm 
from the base of the stem), and height (H), when available. Specific 
allometric equations were used for each of the three predominant for-
mations (Table 1). For savannas (phytophysiognomies: cerrado ralo, 
típico, denso, and rupestre), we used the equation proposed by Roitman 
et al. (2018); and for grasslands, either all trees found were measured (as 
in the case of campo limpo phytophysiognomy, where woody individuals 
are rare), or trees with Db over 2 cm were measured and the equation by 
Abdala et al. (1998) was used (as in campo sujo, with a higher prevalence 
of trees). In the case of forests, several equations from Scolforo et al. 
(2008) were applied, depending on the vegetation physiognomy: a 
specific equation for deciduous forests, one for semi-deciduous forests 
and gallery (riparian) forests, and two for forested savannas (cerradão), 
depending on the presence of larger trees (DBH > 25 cm), following an 
analysis of model behavior we conducted (data not shown). All the 
above allometric equations are regional models built for specific Cerrado 
vegetation types and calibrated with data from plots located in the 
biome. However, because we had no information on tree height for a few 
plots (n = 5 in forest, and n = 48 in savanna) in the state of Minas Gerais, 
we also used the pantropical equation by Chave et al., (2014), which is 
based on tree diameter, specific wood density (ρ) and an environmental 
stress term (E). The specific wood density was obtained from a global 
database (Zanne et al., 2009), and the average value of wood density 
from the South America region for each species was considered (or for 
each genus or each family, when more specific information was not 
available). The E measure of environmental stress is used to compensate 
for the absence of tree height data by using the known effect of 
macroscale climatic patterns on tree diameter-height relationship, once 
this relationship reflects the effect of drought tolerance and tolerance to 
temperature variability (Chave et al., 2014). 

The inclusion criterion for measurement of the woody vegetation 
was variable, depending on the prevalence of larger individuals and 
according to the vegetation type: Db ≥ 5 cm or Db ≥ 3 cm in the case of 
savannas; DBH ≥ 5 cm or DBH ≥ 10 cm for forests; and all trees or Db ≥
2 cm in grasslands (Table S1). 

A photographic representation of each vegetation type included in 
our dataset is presented in Fig. S1. 

2.2.2. Remotely sensed variables 
The first step before creating image composites was to define the 

period of analysis. Since the dataset was composed of samples obtained 
over a wide period of time from 1995 (for the grassland plots) to 2020, 
we defined two periods that matched the concentration of plots over 
time: one time period from 2007 to 2009 and another from 2016 to 2018 
(Fig. S2). All sampling plots except for the 1995 grassland plots were less 
than five years apart from the two defined periods, which is enough time 
for significant changes in woody biomass in the Cerrado to occur 
(Miranda et al., 2017). In the case of the grassland plots, AGWB esti-
mates were matched with the 2007–2009 period, because ALOS radar 
data is only available from 2007 and because these areas have very low 
woody biomass and are known to be undisturbed since 1995. Therefore, 
we assumed these are old-growth grasslands and are not changing 
greatly over time. 

The optical satellite data used in our study data consisted of the 
Landsat-5 Thematic Mapper (TM) and the Landsat-8 Operational Land 
Imager (OLI) surface reflectance collection (Collection 1 Tier 1) with 30 
m spatial resolution, freely available on the Google Earth Engine (GEE) 
platform. The images were atmospherically corrected using the Surface 
Reflectance Code for Landsat (LaSRC), which includes a cloud, shadow, 
water, and snow mask produced using the C Function of Mask (CFMASK) 
algorithm (Foga et al., 2017). A median composite was built for both 
seasons (rainy and dry) in each of the periods defined, since spectral 
differences between seasons may help in the prediction of AGWB (Ara-
ntes et al., 2016). From these composites, the pixel-based values of the 
raw bands as well as of several spectral indices were extracted. The 
indices were selected based on their previous use in the literature to 

Table 1 
Allometric equations used for different vegetation types and their source. Indi-
vidual standard error, as well as plot-based standard error for each equation, are 
also presented.  

Reference/ 
terminology 

Phytophysiognomy Vegetation 
type 

Equation (AGWB in tonnes) 

Scolforo et al. 
2008 (1) 

Forested savanna* Forest Ln(AGWB) =
− 11.3710317049 +
2.433521972 * Ln(D) +
0.8433902218 * Ln(H) 

Scolforo et al. 
2008 (2) 

Forested savanna** Forest Ln(AGWB) =
− 12.2999911901 +
2.6961223975 * Ln(D) +
0.8094354054 * Ln(H) 

Scolforo et al. 
2008 (3) 

Deciduous forest Forest Ln(AGWB) = − 10.5940 +
1.6027*Ln(D) + 1.5879* 
Ln(H) 

Scolforo et al. 
2008 (4) 

Semi-deciduous 
forest 

Forest Ln(AGWB) =
− 10.439791707 +
2.1182873001 * Ln(D) +
0.8339834928 * Ln(H) 

Scolforo et al. 
2008 (4) 

Gallery forest Forest Ln(AGWB) =
− 10.439791707 +
2.1182873001 * Ln(D) +
0.8339834928 * Ln(H) 

Chave et al. 
2014 

General*** General*** Ln(AGWB) =
− 1.803–0.976*E + 0.976 * 
Ln(ρ) + 2.673*Ln(D) −
0.0299*(Ln(D))^2 

Roitman 
et al. 2018 

Woodland savanna Savanna AGWB = ((409.0469739 * 
V0.97545) * 1.17) / 
1,000,000 

Abdala et al. 
1998 

Grassland Grassland Ln(AGWB) = 0.9967*Ln 
(V) + 2.587 

*Equation applied to lower biomass forested savannas with the absence of large 
individuals (DBH > 25 cm). 
**Equation applied to higher biomass forested savannas with the presence of 
large individuals (DBH > 25 cm). 
***Equation from Chave et al. (2014) is a pantropical equation built to cover 
different vegetation types. It does not consider tree height (H) but includes the 
terms: E (environmental stress), and ρ (wood specific gravity). 
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predict AGWB and other related vegetation structural attributes 
(Table 2). 

The 25-m resolution L-band SAR images of backscattering coefficient 
acquired by the Advanced Land Observing Satellite (ALOS) and 
Advanced Land Observing Satellite-2 (ALOS-2) were also obtained from 
GEE. The scenes were pre-processed by the Japan Aerospace Exploration 
Agency (JAXA) and combined into seasonal mosaics of each defined 
period, which consist of 10 × 10◦ ortho-rectified tiles corrected for 
topographic effects (Shimada et al., 2014). 

We calibrated these annual mosaics to γ0 according to the equation:  

γ0 = 10 * log10(DN)2 + CF,                                                                   

where γ0 is the terrain-corrected backscatter in decibels (dB), DN is the 
digital number in unsigned 16 bit, and CF is a calibration constant of 
− 83.0 dB. 

We applied a multi-temporal filter to reduce noise in the composite 
mosaics, which consisted of a 5 × 5 mean moving window (Quegan & 
Yu, 2001). We used the ALOS mosaic as baseline to normalize the ALOS- 
2 mosaic in order to increase temporal consistency. We also corrected a 
geolocation error (approx. 80 m) on the ALOS and ALOS-2 mosaics, by a 
SAR-to-SAR co-registration using a Sentinel-1 composite built with 
scenes from 2016 to 2018 as geolocation reference. 

The variables selected as potential predictors of AGWB in the Cer-
rado included the SAR backscatter coefficients (HH, HV), and two SAR 
indices: Radar Forest Degradation Index (RDFI) and Cross-Polarised 
Ratio (CpR) (Mitchard et al., 2012; Shimada et al., 2014). 

2.3. Modeling 

Forest structure and AGWB often exhibit complex, nonlinear varia-
tions, autocorrelation, and variable interactions across temporal and 
spatial scales (Saatchi et al., 2011). Nonparametric methods, such as 
machine learning approaches, are increasingly and successfully being 
used to model these parameters (Baccini et al., 2008; Mutanga & Adam, 
2000). Classification And Regression Trees (CART) is a machine 
learning, nonparametric approach, robust to premise violations, able to 
model both continuous and categorical variables with highly different 
distributions. Random Forests (RF) uses a bootstrap technique to 
construct multiple decision trees, with either categorical (classification 
tree) or continuous (regression tree) response variables (Breiman, 
2001). 

We implemented both a regression CART and a RF algorithm using 
the remote-sensing variables as predictors. Variable importance was 
quantitatively assessed based on a Jackknife analysis (Rodríguez-Veiga 

et al., 2019), but all predictor variables could be included in the 
modeling procedures since decision trees are robust to multicollinearity 
in the predictors. 

We used a k-fold approach to train and cross-validate the models. All 
the samples were used both for training and validation. The first step in 
the k-fold approach was to divide the plot dataset into three evenly 
distributed stratified groups of samples (low, medium, and high levels of 
AGWB, with roughly equal numbers of observations). Then a value of k 
(from 1 to 10) was randomly attributed to each sample in these three 
groups. k-1 fold samples were selected to train the model and produce an 
AGWB map, while the remaining fold was used for validation. This 
process was run k times, where each k fold was used once for validation. 
The final k AGWB maps are then combined to generate a final average 
AGWB map. We adapted this k-fold framework from the procedures 
designed in previous studies (da Bispo et al., 2020; Pedro Rodríguez- 
Veiga et al., 2020), and the overview of the method can be seen in Fig. 2. 

Lastly, we mapped the resulting predictions over a native vegetation 
mask, derived from the MapBiomas Collection 5.0 (mapbiomas.org) so 
that predictions are only made over areas within the range of sampled 
spectral attributes. This mask comprised all pixels classified by the 
MapBiomas initiative as either forest, savanna, or grassland in the year 
2019, the year most recently mapped from Collection 5.0. 

2.4. Uncertainty analysis 

We estimated the overall error associated with the final AGWB map 
(εAGWB) in an error propagation approach, according to Saatchi et al. 
(2011) and explained in more detail in Rodríguez-Veiga et al. (2016), as 
follows:  

εAGWB = (εmeasurement
2 + εallometry

2 + εsampling
2 + εprediction

2)1/2                     

The measurement error (εmeasurement) of the tree level parameters 
(DBH and height measurements) averaged at plot scale is assumed as 
10% according to Mitchard et al., (2011). The allometric error (εallometry) 
varied according to vegetation type (Scolforo et al., 2008), and consisted 
of the plot-based uncertainty (CVplot) proposed by Chave et al. (2014), 
calculated as: 

CVplot = CV*(
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Σi[AGWB(i)]2

√
Ã⋅ΣiAGWB(i)

which basically distributed the individual error estimates (CV) for each 
tree individual in the plot according to their contribution to total plot 
AGWB. This plot-based uncertainty is larger than simply averaging the 
individual CV of all individuals, since larger trees contribute more to the 
overall plot AGWB. The only cases for which we did not carry out this 
CVplot calculation were the Minas Gerais plots for which the Chave et al. 
(2014) equation was applied. In these cases, we did not have access to 
the full raw data, and since the Chave paper already states that the 
uncertainty for a 1-ha plot using their equation ranges close to 10%, we 
considered this value as the CVplot estimate for these plots. With this 
plot-based calculation of uncertainty, we defined an average plot-based 
allometric error for each vegetation type, namely 18.48% for forests, 
15.48% for savannas, and 18.75% for grasslands. 

The sampling error (εsampling), which consists of the variability of 
field measured AGWB across sampling plots was conservatively esti-
mated at 45.6%, based on the sampling error of using 0.04-ha plots (our 
smallest plots) with a 0.09-ha (30 × 30-m) pixel based on data extrap-
olated from Réjou-Méchain et al. (2014). Finally, the standard deviation 
(SD) of the estimates of AGWB at the pixel level was used as a prediction 
error (εprediction). This error also accounts for the representativeness by 
the sampled plots of the true distribution of AGWB across the biome 
(Zhang & Lu, 2012). 

2.5. AGWB comparisons with reference maps 

It is worthwhile to observe how the different AGWB reference data 

Table 2 
Remote sensing-derived indices from optical satellites Landsat 5 TM and Landsat 
8 OLI, which have been used to capture structural attributes of natural vegeta-
tion both in the rainy and the dry seasons, and which were tested in the current 
study as predictors of aboveground biomass in the Brazilian Cerrado.  

Index Formula Reference 

Normalized Difference Vegetation 
Index (NDVI) 

(NIR-Red)/(NIR + Red) Rouse et al., 
1973 

Enhanced Vegetation Index (EVI2) 2.4*(NIR-RED)/(NIR +
Red + 1.0) 

Jiang et al., 2008 

Normalized Difference Water Index 
(NDWI) 

(Green-NIR)/(Green +
NIR) 

Gao, 1996 

Soil-adjusted Vegetation Index 
(SAVI) 

1.5*(NIR-Red)/(NIR +
Red + 0.5) 

Huete, 1988 

Simple Ratio (SR) NIR/Green Birth & McVey, 
1968 

Generalized Difference Vegetation 
Index (GDVI1) 

(SR-1)/(SR + 1) Wu, 2014 

Normalized Difference Moisture 
Index (NDMI) 

(NIR-SWIR-1)/(NIR +
SWIR-1) 

Cibula et al., 
1992 

Green Chlorophyll Vegetation 
Index (GCVI) 

NIR/Green − 1 Gitelson et al., 
2003  
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products available for the Cerrado compare to the maps produced in this 
study, even though these reference maps were estimated using different 
methods at different resolutions, for different time periods, and were 
focused on tropical forests. In order to make the maps comparable in 
terms of land cover proportion, which changes greatly over time, we 
masked all reference maps based on the Native Vegetation mask in 2019, 
according to MapBiomas Collection 5. We based our comparisons with 
six AGWB maps, five available in the literature, and one which consists 
of the map from the Fourth National Inventory (FNC) released by the 
Science, Technology, Innovation and Communication Ministry (MCTIC, 
2020) at a resolution of 250 m. The FNC map is an effort to quantify the 
“original” carbon stocks of pristine vegetation cover (i.e. without human 
disturbance), according to the weighted-average estimates compiled for 
different native vegetation types, and mapped over a categorical “orig-
inal” native vegetation class map from IBGE (2012). So in the greatest 
part, and with the exception of typical savanna (vegetation class ‘Sa’ 
according to IBGE), the FNC map is categorical in structure. The five 
maps from the literature are efforts based on remote sensing approaches, 
and include (a) the Saatchi et al. (2011) map at a resolution of 1 Km for 
the years 2000–2001; (b) the Baccini et al. (2012) map at 500-m reso-
lution for the years 2007–2008; (c) the Avitabile et al. (2016) map, a 1- 
Km resolution fusion map between the two previous maps; (d) the 
Santoro et al. (2020), at 100-m resolution for 2010 (available at the 
PANGAEA platform, https://doi.org/10.1594/PANGAEA.894711); and 
(e) a modified Baccini map, at 30-m resolution for the year 2000 pub-
lished online in 2019 (available at https://data.globalforestwatch.org/). 

3. Results 

Our field plot dataset was biased towards forests, presenting a higher 
proportion of forest plots than the available proportion of forest in the 
biome. The forest–savanna–grassland proportion observed in our data-
set was 53%/46%/0.06%, while the proportion of these three vegetation 
types in the biome (according to the MapBiomas 2018 land cover map) 
was 31%–52%–16%. The range of AGWB obtained from the compiled 
plots is well distributed over the known range of AGWB in forests and 
savannas, and less so in grasslands (Fig. S3). It is difficult to obtain tree 
AGWB data for grasslands in the Cerrado, and this formation is widely 
understudied in comparison to other more wooded vegetation types. 

3.1. AGWB modeling 

The RF and CART algorithms resulted in similar models. The most 
important variables indicated as important for the prediction of AGWB 
included the green band in the dry season, the SWIR-2 band in the dry 
season, and NDMI in the rainy season; but their relative contribution 
differed between algorithms (Fig. 3 and Table S2). Radar-derived vari-
ables had lower contributions than optical-derived variables towards the 
models’ predictions in this study. 

The RF algorithm resulted in a slightly better result, according to the 
variation explained by the model and Root Mean Square Error (R2 =

53%; RMSE = 36.55 t ha− 1 [57%]), than the CART model (R2 = 45%; 
RMSE = 40.35 t ha− 1 [63%]). Our map shows an underestimation of 
very high AGWB (negative bias over 200 t ha− 1) and a slight over-
estimation of low AGWB (positive bias) (Fig. 4). That means that our 
model predictions tend quite strongly towards the overall mean, and 
therefore reducing our effective prediction range (Fig. 4), with -the RF 
model presenting slightly higher bias than the CART model (Tables 3 
and 4). 

The largest RMSE occurred for the lowest biomass range (Table 3), 
which might be related to a lack of training samples of very low biomass 
vegetation types, namely grasslands and low biomass savannas. This is 
corroborated by the highest error estimates observed for savannas 
(Table 4). Moreover, the greatest bias (positive) was obtained for 
grasslands, indicating the aforementioned overestimation of AGWB for 
this vegetation type. For the highest biomass range (AGWB > 100 t/ha), 
bias was negative, also corroborating the models’ tendency towards the 
mean. 

3.2. AGWB and uncertainty maps 

According to the RF model, the predicted AGWB varied from 0 to 
204 t ha− 1 per pixel, while the CART model indicated a predicted AGWB 
range from 0 to 255 t ha− 1. The pixel-scale uncertainty (i.e. SD) esti-
mated by the error propagation approach reached values up to 135 t 
ha− 1 (255%) in the CART model, and up to 103 t ha− 1 (54%) in the RF 
model. According to both resulting maps, the Cerrado harbors a total of 
5.6 Gt (billion tonnes) of AGWB (with a 95% confidence interval ranging 
from 3 to 9 Gt), nearly equally distributed between savannas and forests 

Fig. 2. Overview of the method used to produce the aboveground woody biomass (AGWB) maps for the Cerrado biome using a Random Forest algorithm (RF) and a 
Classification and Regression Tree algorithm (CART), adapted from the methods developed and used in Rodriguez-Veiga et al. (2020) and Bispo et al. (2020), 
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(approximately 47% in forests, 46% in savannas, and only 7% in 
grasslands). 

The highest biomass estimates were obtained at the northernmost 
and western portions of the biome, in the transition zones of the Cerrado 
with the Amazon (Fig. 5). These were also the regions with the highest 
pixel-based error estimates, due to the highest AGWB range (Fig. 6). 
Overall, the error map accompanied well the range of AGWB pre-
dictions, which is to be expected, since errors are presented in absolute 
terms. 

Large values of biomass were also observed in the southernmost 
parts of the Cerrado, near the transition zones with the Atlantic Forest; 
however, this region had a gap in our plot data distribution, so that 
estimates in these regions might be less reliable. 

3.3. AGWB reference maps 

Maps from this study and the map from Saatchi (S11) presented a 
more similar distribution of AGWB overall (Figs. 7 and 8). The adapta-
tion of Baccini’s original map (B12) to the current 30-m resolution map 
from Global Forest Watch (B19) produced an AGWB distribution tending 
towards the minimum value range but spreading the distribution over a 
larger AGWB value range as well. Avitabile’s map (A16) also showed a 
more narrow range of biomass estimates over the biome, tending to-
wards lower values. Santoro’s map (S20) overestimates the proportion 
of AGWB in the lower ranges, but less so than A16 (Figs. 7 and 8). The 
FNC map rendered low estimates overall in the biome (Fig. 8). Also, 
since it is a categorical map in structure, its histogram revealed multiple 
peaks probably related to the mean values mapped over the most 

Fig. 3. Relative importance of predictors derived from Landsat (L5 and L8) and ALOS/PALSAR (ALOS and ALOS-2) for the estimation of aboveground biomass in the 
Cerrado biome, according to both algorithms used (CART and Random Forest). Variable importance was assessed based on a Jackknife analysis, but all predictors 
were included in the models. Radar-derived predictors (prefix ALOS) include backscatter coefficients (HH, HV), the Radar Forest Degradation Index (RDFI) and the 
Cross-Polarised Ratio (CpR). Optical predictors include raw bands (blue, green, red, NIR, SWIR-1, SWIR-2) and indices, which can be consulted in Table 2. The prefix 
Rain or Dry indicate the season of the optical composites used. 
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predominant vegetation classes and is not comparable to the other his-
tograms (but is still presented separately in Fig. S4). 

As is to be expected, the greatest variations between reference maps 
and the ones produced in this study are located in regions with the 
greatest predicted estimates of AGWB (Fig. 8). The pairwise comparison 
between the modeled map (represented by the RF map) with the refer-
ence maps highlighted that the greatest differences between maps are 
located in forest areas in the transition zones with other biomes, espe-
cially in the northern and western portions of the Cerrado (Fig. S5). 
Different reference maps rendered slightly different patterns, but it is 
interesting to note that the FNC map showed the lowest differences with 
our modeled maps in the northern region (Fig. S5). 

The overall AGWB stock in the Cerrado biome, modeled in this study, 

is higher than most of the reference stocks, except for B19 and S20 
(Fig. 9). These references however highly underestimate the proportion 
of AGWB in grasslands, possibly allocating values close to null in this 
vegetation type, as suggested by the histograms (Fig. 7) and by the mean 
estimates per vegetation type (Table 5). Most reference maps show 
similar relative proportions of forest, savanna, and grassland, with the 
exception of a stark difference observed in B12, which presented the 
highest stocks in savannas compared to forests (Fig. 9). Our maps pro-
duced higher values of stock than the estimates of the FNC, but due to 
our high level of uncertainty, it is not possible to point out significant 
differences. 

Fig. 4. Observed versus predicted aboveground woody (AGWB) according to the Classification And Regression Trees (CART) and Random Forest (RF) algorithms. 
The black solid line in the plots corresponds to the y = x line. 

Table 3 
Bias and RMSE (root-mean-square error) according to calibration data above-
ground woody biomass (AGWB) range for each of the modeled algorithms 
(Random Forest – RF and Classification and Regression Tree – CART), as well as 
the mean overall RMSE and bias.  

AGWB range 
(t ha− 1) 

Mean bias RF 
(t ha− 1) 

Mean bias 
CART (t ha− 1) 

RMSE RF (t 
ha− 1 [%]) 

RMSE CART 
(t ha− 1 [%]) 

0–50  13.24  12.51 22.15 [82%] 25.41 [95%] 
50–100  7.05  6.51 28.60 [40%] 33.38 [47%]– 
100–200  − 25.8  − 25.00 44.83 [32%] 51.67 [37%] 
> 200  − 114.48  − 111.59 123.73 

[52%] 
126.64 [54%] 

Total  1.19  0.86 36.55 [57%] 40.35 [63%]  

Table 4 
Bias and RMSE (root-mean-square error) according to vegetation type for each of 
the modeled algorithms (Random Forest – RF and Classification and Regression 
Tree – CART), as well as the mean overall RMSE and bias.  

Vegetation 
type 

Mean bias 
RF 
(t ha− 1) 

Mean bias 
CART 
(t ha− 1) 

RMSE RF 
(t ha− 1 [%]) 

RMSE CART 
(t ha− 1 [%]) 

Forest − 3.83 − 3.68 46.36 
[49%] 

50.92 
[54%] 

Savanna 6.95 6.18 18.56 
[66%] 

21.41 
[77%] 

Grassland 26.9 18.33 27.80 
[20%] 

21.77 
[16%] 

Total 1.19 0.86 36.55 
[57%] 

40.35 
[63%]  
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It is clear that the proportion of AGWB in grasslands modeled in this 
study is higher than most of the reference maps, except for B12 
(Table 5). The general distribution of AGWB among vegetation types is 
more similar to the S11 reference map (Table 5), as corroborated by 
Fig. 9 and 10. The B19 and S20 products produced higher mean values in 
forests, and the FNC map produced average (and sd) values that are 
slightly lower but not different from our maps (Table 5). 

4. Discussion 

4.1. AGWB mapping improvements 

A medium to high-resolution aboveground woody biomass (AGWB) 
map for the continental-scale Cerrado, was still lacking, after nearly a 
decade of mapping efforts focused on tropical rainforests in South 
America. Most of these tropical forest AGWB mapping initiatives that 
included the Cerrado presented few plots in the biome and concentrated 
in the transitions between the Amazon biome, overestimating biomass in 
central Cerrado. The reasons for this discrepancy rest foremost in the 
fact that the Amazon is the most sampled biome in Brazil due to it having 
over 80% of its original forest extent still preserved, storing the vast 
majority of biomass and carbon stocks in the country. On the other hand, 
in comparison, the Cerrado biome was still poorly sampled, and Bra-
zilian savannas are not given enough attention by national and inter-
national forest inventory initiatives. The Brazilian Amazon, for instance, 
was the object of a massive tree biomass mapping initiative, conducted 
by the RADAM (RADAR in the Amazon) Project in the 1970s. Even if the 
focus was to map natural resources in the forest, the data produced by 

the project has been used for ecological understanding of the rainforest 
(e.g. Nogueira et al., 2008). More recently, the project Biomass Esti-
mation in the Amazon (http://www.ccst.inpe. 
br/projetos/eba-estimativa-de-biomassa-na-amazonia/) produced a 
new biomass map for the Amazon based on data from new LIDAR 
transects, which formed the basis for the building of the FNC map for 
that biome. On the other hand, initiatives focused on the vegetation 
structure and plant communities of the Cerrado biome are fewer, but 
still produced a valuable set of information (e.g. Felfili et al., 2001; 
Morandi et al., 2018; the Federal District National Inventory available at 
https://www.florestal.gov.br/publicacoes/574-relatorio-inventario-flor 
estal-nacional-df; among others), which can be used to improve on the 
availability of maps of aboveground biomass in the biome. 

The Cerrado, after the Amazon, is the second biome in Brazil with the 
highest rates of conversion and degradation, which in turn makes it the 
second highest source of carbon emission in the country (SEEG Brasil, 
2020). While the Amazon has lost about 20% of its original range, more 
than 50% of the native vegetation of the Cerrado has been lost (Map-
Biomas Collection 5), so that these conversion rates are even more 
alarming. The official initiative led by the MCTIC (Science, Technology, 
Innovation, and Communications Ministry) to quantify emissions due to 
land use change in the Cerrado is a progressing collaborative effort 
carried out by experts and researchers (MCTIC, 2020). Current estimates 
are based on a potential biomass map based on biomass estimates 
compiled from the literature for each vegetation physiognomy (IBGE, 
2012). Even though this process generates a map that is categorical in 
structure (for all vegetation types except savanna woodlands), the 
resulting biomass map has a surprising amount of agreement to the maps 

Fig. 5. Aboveground woody biomass (AGWB, in t.ha− 1) maps at 30-m resolution for the Cerrado biome, based on two machine learning algorithms tested (Clas-
sification And Regression Trees – CART, left panel, and Random Forest – RF, right panel). Predictions are mapped over the native vegetation pixels, classified by the 
MapBiomas Project Collection 5.0 (forest, savanna, and grasslands). 

B. Zimbres et al.                                                                                                                                                                                                                                 

http://www.ccst.inpe.br/projetos/eba-estimativa-de-biomassa-na-amazonia/
http://www.ccst.inpe.br/projetos/eba-estimativa-de-biomassa-na-amazonia/
https://www.florestal.gov.br/publicacoes/574-relatorio-inventario-florestal-nacional-df
https://www.florestal.gov.br/publicacoes/574-relatorio-inventario-florestal-nacional-df


Forest Ecology and Management 499 (2021) 119615

10

produced here, even though with a lower proportion of biomass overall 
(5.6 Gt of AGWB in the biome according to our models versus circa 4 Gt 
according to the Fourth National Communication). The maps produced 
by our study can substantially help advance the estimation of carbon 
stocks and the monitoring of greenhouse gas emissions and removals by 
the land-use sector in the Cerrado following the example of progressive 
better biomass maps for the Amazon biome. 

The comparison with other widely used biomass reference maps 
provides further insights into the advancements the current map rep-
resents for accounting AGWB in the Cerrado biome. Existing pantropical 
AGWB maps, as previously mentioned, are focused and calibrated using 
tropical forest plot data, especially in the Amazon basin, and being 
biased towards underrepresented biomes such as the Cerrado. As a 
result, we can observe different estimations of AGWB in the Cerrado 
biome from map to map. The under-representation of low biomass 
vegetation types in the calibration of those products might result in 
overestimation or underestimation of AGWB values in other biomes, 
such as the Cerrado (da Bispo et al., 2020; Englund et al., 2017). This is 
what we have observed for most of the reference maps, while the 
product with the highest agreement to our maps was the one by Saatchi 
et al. (2011). 

4.2. AGWB mapping challenges in the Cerrado 

The exclusion of plots in riparian forests from the Tocantins state due 
to methodological issues (described in Section 2.2.1) may have affected 
the representation of high-biomass riparian forests in our dataset 
(maximum levels reached in our maps: 200–250 t ha− 1). In any case, the 
models were driven by spectral bands and indices, mainly, to the 

detriment of radar predictors. Optical satellite signatures are known to 
saturate over high levels of vegetation and biomass density (Avitabile 
et al., 2016; Mutanga & Adam, 2000; Rodríguez-Veiga et al., 2019), so 
that it is possible that the inclusion of higher biomass plots might not 
have improved our ability to predict much higher levels of AGWB, and 
that the stocks available in some forest types in the Cerrado may be 
larger than the ones estimated in this study. 

Our models also showed higher bias in grasslands, in comparison to 
the other two vegetation types. This is predominantly due to the very 
low number of grassland plots in our dataset, as well as the models 
compensating (tendency towards the mean) for the underestimation of 
high AGWB levels due to saturation (da Bispo et al., 2020). Models in 
general, and regression trees in particular, are strongly driven by the 
largest stratum in the dataset (Avitabile et al., 2016). Therefore, an 
adequate balance between different strata samples is very influential on 
the model outcome (Baccini et al., 2004; Horning, 2010) In short, we 
indicate that our models, especially the RF model, should be better at 
predicting AGWB in the medium-biomass range, between 50 and 100 t 
ha− 1, which is the range that showed less bias in both models and lowest 
relative error. At low and high woody biomass ranges, the CART model 
was less biased. 

The strength of optical predictors in detriment of ALOS PALSAR/ 
ALOS-2 PALSAR-2 radar indices have not corroborated other studies 
[Carreiras et al. (2012) in Guinea-Bissau; Mermoz et al. (2014) in 
Cameroon], which were successful in predicting biomass in savannas 
with AGWB lower than 100 t ha− 1. With models over such a large extent 
and considering a high heterogeneity of formations, optical signatures 
may have proven more efficient in distinguishing between vegetation 
types. Optical data are more sensitive to shadow and greenness 

Fig. 6. Error maps of the modeled aboveground woody biomass (error AGWB, in t ha− 1) at 30-m resolution for the Cerrado biome, based on two machine learning 
algorithms tested (Classification And Regression Trees – CART, left panel, and Random Forest – RF, right panel). Predictions are mapped over the native vegetation 
pixels, classified by the MapBiomas Project Collection 5.0 (forest, savanna, and grasslands). 
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(Avitabile et al., 2012; Baccini et al., 2012; Rodríguez-Veiga et al., 
2016), which can be relevant to detect sparse and dry from dense and 
moist vegetation types, while radar data respond better to structure and 
tree architecture. The relevance of distinguishing between vegetation 
types for our predictions is corroborated by the fact that most optical 
factors selected by the models are from the dry season (Green and SWIR- 
2 bands in the CART model; and Green, Red, and SWIR-1 bands in the RF 
model), when differences between formations are stronger, which hel-
ped to indirectly predict woody biomass, between drier and lower- 
AGWB vegetation types (e.g. grasslands, savannas, deciduous forests) 
and moist, higher-AGWB forests. NDMI was the only optical index 
selected in the rainy season by both models as a very strong predictor. It 
measures vegetation water content and may have been relevant to 
distinguish between vegetation types when they are at their greatest 
potential moisture (Cibula et al., 1992). 

We produced maps with relatively high estimated uncertainty, but 
we expected a high variation in the AGWB estimates, due to our effort’s 
complex and wide-scale nature. The first source of error affecting our 
models is the measurement error, which consists of uncertainties 
deriving from field-measured features of the vegetation (especially in 
the case of height measurements in forests). Sampling errors, which 
include the plots’ geolocation errors, are the highest source of error in 
our models. Réjou-Méchain et al. (2014) provided a method to estimate 
the errors resulting from the mismatch between plot-based measure-
ments and the spectral signatures from satellite imagery, and we applied 
this approach conservatively (considering the smallest plot size avail-
able in our dataset). Despite using buffers to minimize the geolocation 
errors, differences in scale between the ground-based estimates and the 
pixel-based signatures occur. Allometric equations are also an important 
source of uncertainty. We strived to use locally and specific equations 
built for each vegetation type in our dataset, but as with any model, 
associated errors are to be expected. The report of each type of error and 
their respective contributions to our model’s overall uncertainty are 
valuable for a conscientious and effective use of our maps. 

4.3. Future advancements 

The AGWB mapping of the Brazilian Cerrado will likely benefit from 
an expansion of LiDAR flights over the Cerrado in the future (da Bispo 
et al., 2020), and the integration with terrestrial LiDAR (Zimbres et al., 
2020), both of which are at early stages in the biome. In contrast, the 
Amazon biome has seen a spread of LiDAR flights in recent years that 
have allowed the improvement of the biome’s biomass stock maps. 
These improvements have been adopted by the public initiative of GHG 
estimates by the MCTIC so that the Amazon has the highest-quality 
estimation of GHG emissions in the country. Hopefully, such advance-
ments will also take place for the Cerrado and other biomes. 

However, LiDAR data acquisition, especially LiDAR flights, is costly, 
making the application to large extents and over time only possible by 
associating with satellite optical passive or active sensors with broad 
coverages. The inclusion of the recently available GEDI data into the 
modeling efforts will also significantly improve the model’s reach in 
scale, and help breach the gaps in sampling in the biome. 

We therefore stress that a more accurate AGWB density map for the 
Brazilian Cerrado will still depend on the exploration of remote sensing 
applications, but will highly benefit from the advancements in the 
necessary datasets, from field plots—especially from low biomass ran-
ges—at the correct scales for integration with remote sensing products 
when feasible, to active sensor datasets (mainly terrestrial, airborne, and 
space-borne LiDAR). It may also be worthwhile to explore other stra-
tegies of extracting spectral signatures to relate to ground-truth infor-
mation, such as object-based instead of pixel-based methods, which has 
been shown to improve the accuracy of forest AGWB mapping in highly 
heterogeneous environments (Silveira et al., 2019). 

Finally, a potential vegetation biomass map, or better yet, a time 
series of spatially-explicit biomass stocks in all Brazilian biomes will 
certainly improve GHG emission and removal estimates. These estimates 
are necessary to measure Brazil’s contributions to the climate agree-
ments, as well as provide the basis for REDD + policies in the country. 
Explorations in the available methods of building dependent time-series 
maps of biomass are still needed, but will be beneficial for accom-
plishing this goal in the future. 

5. Conclusions 

Since most of the currently available AGWB maps that cover the 
Cerrado’s extent were calibrated for tropical rainforests, they do not 
properly characterize the amount and spatial distribution of AGWB in 
this biome. Our locally calibrated maps are a valuable contribution to 
understanding the current state of AGWB stocks in the Cerrado biome, 
over different native vegetation types, at an unprecedented resolution 
and scale. This study was possible due to the application of state-of-the- 
art multi-sensor and analytical techniques, but mainly due to the 
compilation of a large and unique plot dataset from across the biome’s 
extent, representative of the structural heterogeneity present in the 
Cerrado’s vegetation. Our model’s predictors were derived from optical 
multispectral signatures acquired at different seasons and L-band SAR 
backscatter data. The phenological differences between seasons and 
vegetation types appear to be more suited for the estimations AGWB in 
this ecosystem. This approach may also be suitable for other savannas, 
which are structurally complex and heterogeneous. Despite our limita-
tions to accurately represent AGWB in very low and very high biomass 
vegetation types, we believe we have improved on the existing knowl-
edge on the woody biomass stocks present in the Brazilian Cerrado, 
especially in the savanna woodlands, the predominant and most 
threatened vegetation type in the biome. 
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Fig. 7. Histograms of aboveground woody biomass (AGWB) distribution in the 
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Soares Scolforo: Data curation, Investigation. José Roberto Rodrigues 
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