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Abstract: The Amazon rainforest plays an important role in the global carbon cycle. However,
due to its structural complexity, current estimates of its carbon dynamics are very imprecise. The
aim of this study was to determine the forest productivity and carbon balance of the Amazon,
particularly considering the role of canopy height complexity. Recent satellite missions have measured
canopy height variability in great detail over large areas. Forest models are able to transform these
measurements into carbon dynamics. For this purpose, about 110 million lidar waveforms from
NASA’s GEDI mission (footprint diameters of ~25 m each) were analyzed over the entire Amazon
ecoregion and then integrated into the forest model FORMIND. With this model–data fusion, we
found that the total gross primary productivity (GPP) of the Amazon rainforest was 11.4 Pg C a−1
(average: 21.1 Mg C ha−1 a−1 ) with lowest values in the Arc of Deforestation region. For old-growth
forests, the GPP varied between 15 and 45 Mg C ha−1 a−1 . At the same time, we found a correlation
between the canopy height complexity and GPP of old-growth forests. Forest productivity was found
to be higher (between 25 and 45 Mg C ha−1 a−1 ) when canopy height complexity was low and lower
(10–25 Mg C ha−1 a−1 ) when canopy height complexity was high. Furthermore, the net ecosystem
exchange (NEE) of the Amazon rainforest was determined. The total carbon balance of the Amazon
ecoregion was found to be −0.1 Pg C a−1 , with the highest values in the Amazon Basin between
both the Rio Negro and Solimões rivers. This model–data fusion reassessed the carbon uptake of
the Amazon rainforest based on the latest canopy structure measurements provided by the GEDI
mission in combination with a forest model and found a neutral carbon balance. This knowledge
may be critical for the determination of global carbon emission limits to mitigate global warming.
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1. Introduction
Tropical rainforests represent an important carbon sink in the biosphere [1], so they
have potential for mitigating global warming [2]. They account for about half of the carbon
stored in global vegetation (350–600 Pg C) [1,3,4]. Unfortunately, estimates of carbon stocks
and fluxes in the global carbon cycle are associated with large uncertainties [5]. For this
reason, reducing uncertainties in the estimates of tropical carbon stocks and fluxes is one
of the greatest challenges facing climate science. To better understand the global carbon
cycle and thus global warming and climate change mitigation, it is necessary to conduct
an accurate assessment of carbon fluxes in tropical forests, such as forest productivity [6].
However, forest productivity can be spatially heterogeneous and influenced by several
forest attributes, such as canopy height, which can be a key variable [7,8]. Mapping canopy
height complexity is therefore critical to understanding the history, function, and future of
forest ecosystems [9].
The largest intact tropical forest is the Amazon rainforest [10]. In tropical America,
for example, more than 80% of aboveground carbon is stored in forests [11]. However,
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these forests are very heterogeneous and reveal complex structures. Thus, estimates for
aboveground biomass in the Amazon rainforest diverge by a factor of two and range from
40 to 90 Pg C [12]. Based on the fact that variations in estimates of aboveground biomass
in the Brazilian Amazon account for 60% of the variation in estimated net carbon flux
for the region [13], it is important to estimate aboveground biomass and gross primary
productivity for the Amazon as accurately as possible to determine the forests’ carbon
balance. Variations in aboveground biomass and productivity estimates primarily result
from forest disturbance and recovery [14] but also from the limitations of the methods used
so far.
Previously, aboveground biomass maps were mainly produced based on passive
optical satellite data, such as Landsat or MODIS in combination with sparse lidar measurements from the Geoscience Laser Altimeter System (GLAS) located on the ICESat (Ice,
Cloud, and land Elevation Satellite) [11,15–17]. However, there is a limitation to using
measurements from passive optical satellites because they are only sensitive to tree cover,
leaving the vertical structure of a forest unknown. Aboveground biomass estimates are
thus saturated for high density forests. Lidar measurements, on the other hand, allow for
the vertical structure of a forest to be measured.
A new generation of satellites could bring tropical forest surveying to a new level.
GEDI is the first spaceborne lidar mission optimized for measuring ecosystem structures [15]. The lidar measurements of GEDI (with a diameter of ~25 m each) can be used
for determining the forest canopy structure, forest aboveground biomass, and topography [15]. The dataset contains an average of 27 waveforms per 1 km2 . With millions of
lidar waveforms in the Amazon, GEDI provides the opportunity to decrease inaccuracy
in the determination of forest attributes such as aboveground biomass [18]. With the
last spaceborne lidar sensor, ICESat GLAS, about 770,000 waveforms were available in
the Amazon region [19], whereas in this study, about 110 million GEDI waveforms, all
collected within 16 months, were compiled—exceeding the ICESat dataset by two orders
of magnitude.
The aim of the study was to estimate the productivity and carbon balance of the entire
Amazon by fusing GEDI measurements with forest simulations. Through the application of
a dynamic forest model, it is possible to simulate the growth of a forest [20] and to extract
the current state of a tropical forest by lidar waveform matching [19,21]. By merging the
satellite data with the model simulations, the productivity and structure of the forest could
be determined and analyzed. Uncertainties in productivity estimates could be reduced and
studied in more detail by determining the structure, aboveground biomass, and growth of
tropical forests. Therefore, the following questions are answered in this study:

•
•

What are the total productivity and carbon balance of the Amazon rainforest and how
are they spatially distributed?
What are the relationships between forest productivity and other forest properties,
such as aboveground biomass, canopy height complexity, net ecosystem exchange,
and forest age in the Amazon rainforest?

2. Materials and Methods
2.1. Study Region
For this study, we considered the Amazon ecoregion in South America, with an
area of 5.4 × 106 km2 . The spatial extent of the Amazon ecoregion was defined as all
ecoregion polygons [22] of the “tropical and subtropical moist broadleaf forests” biome
type, constrained by the Andes in the west, the Llanos and Atlantic Ocean in the north and
east, and the Cerrado and dry forests in the east and south.
2.2. Lidar Data from the GEDI Mission
NASA’s Global Ecosystem Dynamics Investigation (GEDI) is a large footprint lidar
system that has been mounted on the International Space Station (ISS) since 2018 and generates waveforms. GEDI provides measurements of forest vertical structure in temperate
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and tropical forests between 51.6◦ north and south latitude. The overall objective of the
mission is to determine the effects of changing climate and land use on ecosystem structure
and dynamics [15].
The GEDI laser system consists of three lasers: one that is split into two lasers (coverage
laser) and two full-power lasers that remain unchanged. The tracks are located within
a ~4.2 km wide strip spaced ~600 m apart. The footprint spacing per track is 60 m. The
GEDI data consist of footprint and gridded datasets that contain information about the
3D properties of the vegetation. These data are associated with different levels of data
processing. For the analyses in this paper, we used the Level2A data, which contain ground
elevation, canopy top height, and relative height percentiles (here, we used a relative height
at 95% (RH95)) [15].
The lidar data used in this study were collected worldwide between 2019 and 2020.
Only the data located inside the Amazon rainforest ecoregion [22] were selected for this
analysis. Each GEDI footprint has a diameter of ~25 m. The quality of each GEDI shot is
checked by a “quality flag”, which allows one to easily remove erroneous and/or lower
quality waveforms [23]. After filtering, about 110 million individual GEDI measurements
were available to study the structure of the Amazon rainforest. It should be noted that the
temporal information in the GEDI data was not used in this study. The GEDI waveforms
provide a structure-based snapshot of forest aboveground biomass and productivity that
can be disentangled using the FORMIND forest model.
2.3. Individual-Based Forest Model FORMIND
FORMIND is an individual-based forest gap model that was developed in the late
1990s to simulate tropical forest dynamics in a composite of 20 × 20 m2 patches (“gaps”)
and physiological processes at the tree level [20,24]. Therefore, the model is able to describe
the growth development of tropical rainforests. Tree species are grouped into plant functional types. The main processes included in FORMIND are tree growth, tree mortality,
recruitment, and tree competition. Trees mainly compete for light, expressed in the model
as photosynthetic photon flux density. In addition, they compete for canopy space within
their patches. With information about the successional state and environmental conditions,
FORMIND enables upscaling to forest-wide carbon balances [25,26].
Here, FORMIND was applied to the Amazon rainforest, where species were assigned
to three plant functional types (PFT) that differ in growth and mortality rate [12]. Then,
FORMIND was used to estimate aboveground biomass (AGB), gross primary productivity
(GPP), net ecosystem exchange (NEE), and age of trees. NEE is the difference between
the ecosystem GPP and ecosystem respiration. The ecosystem GPP corresponds to the
gross primary productivity of all trees in a forest. Ecosystem respiration consists of the
autotrophic respiration of trees, as well as heterotrophic respiration from deadwood decay
and soil organisms [26].
For the purpose of upscaling the forest model to the whole Amazon, the Amazon
region was divided into environmental regions, and an extensive simulation was carried
out for each region (see Section 2.4). Afterwards, the current forest state was determined
from the simulations with the help of the GEDI waveforms and waveform matching (see
Section 2.6). In this study, the established Amazon parameterization of FORMIND [12]
was used.
2.4. FORMIND—Amazon Version and Regionalization
We assumed that forest dynamics are similar in areas with similar environmental
factors [12]. The Amazon rainforest was therefore divided into regions with similar environmental conditions, as described in [12]. The considered environmental conditions were
mean annual precipitation and mean annual photosynthetic photon flux density (PPFD)
(available for the entire Amazon at a resolution of 0.5◦ (derived from WFDEI [27])), and
clay content, available at a resolution of 8 km [28]. With these data, it was possible to assign
each 1 km2 sub-area in Amazonia to one of 1280 environmental regions, within each of
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which homogeneous environmental conditions prevail [12]. For each environmental region,
FORMIND was used to simulate 100 ha of forest dynamics over 1000 years, resulting in a
total of 128,000 ha of simulated forest area. In the simulations, the drivers for mortality
and photosynthesis were adjusted for each environmental region depending on the environmental conditions [12]. Additionally, simulated aboveground biomass dynamics are
influenced by random stand-replacing disturbance events, e.g., fire, thus leading to a broad
range of undisturbed and disturbed successional states [29]. From these simulations, forest
parameters such as aboveground biomass (AGB), gross primary productivity (GPP), and
net ecosystem exchange (NEE) were obtained.
2.5. FORMIND Lidar Simulator
FORMIND is also able to carry out virtual lidar campaigns for simulated forest stands.
The lidar module integrated into FORMIND allows for the simulation of lidar point clouds
and waveforms like the ones provided by GEDI [21]. In the lidar module, 3D space is
represented by cuboidal voxels with a width of 0.5 m and a height of 1 m. To simulate the
lidar waveform over a forest area, we created a tree list consisting of the generated data of a
forest model and the positions and parameters of each tree. Then, a voxel representation of
the forest was created so that voxels belonging to a tree and thus providing a contribution
to the lidar waveform could be distinguished from empty voxels without contribution.
The reflected energy of each voxel was modeled as an exponential decay function (Beer–
Lambert’s law) of leaf area above the voxel, and the horizontal energy distribution within
the laser beam was modelled with a Gaussian function [30]. This lidar module was already
tested for tropical forests via comparison with real lidar data [21].
Since the simulated lidar waveform had to be comparable to the GEDI waveform, the
spatial scale of the GEDI lidar measurements was considered in the model. To do this, a
circular footprint with a diameter of 25 m was cropped at the center of each simulated
hectare in the model, reducing the simulated area from one hectare to a subplot. The energy
of all voxels per 1 m height layer was summed up, and the derived waveform was finally
normalized to the total sum to obtain the relative energy per height layer [19]. For each
of the 1280 environmental regions, 100 waveforms (one per simulated hectare of forest)
were simulated at 5-year intervals over a period of 1000 years, resulting in a total of 20,000
waveforms per environmental region.
2.6. Waveform Matching
Each real GEDI waveform was compared against hundreds of simulated waveforms
to determine the state of the forest. This process is referred to as waveform matching [19].
Lidar matching was used to determine the current state of the forest under consideration
of each GEDI waveform. Based on the forests simulated in FORMIND, virtual lidar
waveforms were simulated and stored every five years. Each real GEDI waveform was
compared to the dataset of all simulated lidar waveforms in the respective environmental
region, and a relative overlap of the waveforms was determined starting at a height
of 5 m [19,31]. The lowest 5 m waveforms were discarded in the waveform matching
because the shapes of the real GEDI waveforms in these low heights are often influenced
by uneven terrain and understory vegetation, leading to blurred ground return peaks.
These influences were absent in simulated waveforms, which possessed sharp peaks at
ground level.
The virtual waveforms with the best overlaps were used to determine the current
forest condition, as these waveforms best matched the GEDI data and thus reflected reality
(Figure S4).
Fifty simulated waveforms with the best overlaps were selected, with at least 70%
overlap [19]. By linking the simulated data with the real data, it was possible to derive, for
example, the simulation time steps of the best-matching waveforms and, from that, various
forest parameters. For each of the 50 waveforms, the respective forest parameters were
derived and then averaged over all 50 values (Figure 1). In this work, the focus was on the

Remote Sens. 2021, 13, 4540

The virtual waveforms with the best overlaps were used to determine the current
forest condition, as these waveforms best matched the GEDI data and thus reflected
reality (Figure S4).
Fifty simulated waveforms with the best overlaps were selected, with at least 70%
5 of 17
overlap [19]. By linking the simulated data with the real data, it was possible to derive,
for
example, the simulation time steps of the best-matching waveforms and, from that,
various forest parameters. For each of the 50 waveforms, the respective forest parameters
were derived and then averaged over all 50 values (Figure 1). In this work, the focus was
productivity of the forest at a given time point, which was determined by the gross primary
on the productivity of the forest at a given time point, which was determined by the gross
production. About 155 million GEDI waveforms in the considered area were available for
primary production. About 155 million GEDI waveforms in the considered area were
analysis after the quality flag check. After rejecting some waveforms due to mismatches
available for analysis after the quality flag check. After rejecting some waveforms due to
(no waveform matching possible because all overlaps <70%), and discarding waveforms
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for two different regions, which mainly varied in precipitation and clay content, were
compared (LPLC: low precipitation and low clay content; HPHC: high precipitation and
high clay content) (Figure 2). In the HPHC region, the aboveground biomass ranged
from 300–400 Mg ha−1 of organic dry matter (odm) in the mature forest state (Figure 2a),
with an average of 321 Mg odm ha−1 . The amount of AGB was reduced only by random
stand-replacing disturbance events. In comparison, the LPLC region had a lower overall
AGB (between 150 and 200 Mg odm ha−1 ), where the average was 176 Mg odm ha−1 .
In comparison to aboveground biomass, GPP and NEE differed much less for these two
regions (Figure 2b,c). The mean values for GPP were 26 Mg C ha−1 a−1 for LPLC and
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Figure 4. Frequency distributions of canopy height (RH95) in m (a), mean aboveground biomass
(AGB) in Mg odm per ha (b), mean gross primary productivity (GPP) in Mg C per ha per year (c),
and net ecosystem exchange (NEE) in Mg C per ha per year (d) associated with the maps in Figure 3,
with a resolution of 1 km2 for the Amazon based on 110 million lidar waveforms.
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In our results we obtained forest heights that ranged from 0 m to a maximum of 50 m
in height (Figures 3a and 4a). The mean forest height in the Amazon was 23.4 ± 10.2 m at
a spatial resolution of 1 km2 . After applying the data–model fusion, the estimated aboveground biomass had a mean value of 163.4 ± 93.1 Mg odm ha−1 and could reach values of
up to 400 Mg odm ha−1 (Figures 3b and 4b). These high aboveground biomass areas were
located in the northeast, the Guiana Shield, and the central Amazon. Low aboveground
biomass values were most evident in the southeast, where the Arc of Deforestation is
located. Spatial variations could also be observed in the GPP distribution of the Amazon
(Figures 3c and 4c). Here, values ranged from 0 to 40 Mg C ha−1 a−1 , with a mean value
of 21.1 ± 8.7 Mg C ha−1 a−1 . GPP was low in forested areas where aboveground biomass
was also low. The productive forest areas were mainly in the central Amazon Basin. The
previously described distributions of high and low values of aboveground biomass and
GPP, respectively, could also be seen in the NEE distribution (Figures 3d and 4d). Negative
NEE values represented carbon sources, i.e., where carbon emissions due to respiration
could not be compensated for by forest carbon uptake (please note: direct carbon emissions
due to deforestation were not considered). The NEE map of the Amazon showed that large
areas are carbon sinks. Only regions—such as in the Andes in the west and the Negro–
Branco moist forests in the north, and the southeast—where the Arc of Deforestation is
located were identified as carbon sources. There, up to 2.5 Mg C ha−1 carbon was found
to be emitted annually. In the Amazon Basin, on the other hand, there are carbon sinks
that absorb up to 2.5 Mg C ha−1 per year. Overall, we found that the Amazon rainforest
has a neutral carbon balance, with a total NEE value of −0.1 Pg C a−1 . In our calculations,
no direct carbon emissions from deforestation were considered (carbon emissions from
deforestation: approximately −0.46 Pg C a−1 ; see [11]), but the degradation of forests and
resulting carbon emissions were already included.



The estimated carbon turnover time = AGB
NPP for our analysis was 42 years. The
turnover time varied from 0 to 120 years. Especially in the northeast and along the border
between Peru and Brazil, long turnover times of 70–80 years could be observed, while in
the Rio Negro Campinarana area and the southeast, near the Arc of Deforestation, short
turnover times of 15–20 years occurred (see Figures S1 and S2).
Means and standard deviations for the different forest parameters, as well as Amazonwide totals for the forest parameters, were calculated. The mean values were calculated
from all waveforms located in a 1 km2 cell, and the standard deviations were calculated
accordingly. As an overview, the results are shown in Table 1.
Table 1. Mean values and standard deviations at a lidar footprint resolution of 25 m diameter, mean values and standard
deviations at a map resolution of 1 km2 , and Amazon-wide totals (5.4 Mio km2 ) for RH95, AGB, GPP, NPP, turnover
time, respiration, and NEE. Here, turnover time is defined as AGB/NPP, and respiration is defined as GPP minus NPP
(autotrophic respiration).

Number of GEDI waveforms per
Area
RH95
AGB
GPP
NPP
Turnover Time
Respiration
NEE

Mean ± Standard Deviation
at Lidar Footprint
Resolution (25 m Diameter)

Mean ± Standard Deviation
at Map Resolution (1 km2 )

Total Amazon
(5.4 Mio km2 )

1

27 ± 17

109,696,420

23.7 ± 12.4 m
175.5 ± 118.6 Mg odm ha−1
21.5 ± 11.2 Mg C ha−1 a−1
4.0 ± 2.1 Mg C ha−1 a−1
43.9 ± 56.5 a
17.5 ± 9.1 Mg C ha−1 a−1
−1.4 ± 13.0 Mg C ha−1 a−1

23.4 ± 10.2 m
163.4 ± 93.1 Mg odm ha−1
21.1 ± 8.7 Mg C ha−1 a−1
3.9 ± 1.4 Mg C ha−1 a−1
42.1 ± 64.5 a
17.2 ± 7.5 Mg C ha−1 a−1
−0.3 ± 5.3 Mg C ha−1 a−1

23.4 m
88.3 Pg odm
11.4 Pg C a−1
2.1 Pg C a−1
42.1 a
9.3 Pg C a−1
−0.1 Pg C a−1
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The behavior could be described by different age structures (Figure 5b) of forests.
The behavior could be described by different age structures (Figure −1
5b) of forests.
Young forests (<40 years) with aboveground biomass up to 150 Mg odm ha
showed high
Young forests (<40 years) with aboveground biomass up to 150 Mg odm ha−1 showed high
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productivity
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and NEE (Figure 5c), it can be noted that forests with the lowest productivities along the
the whole aboveground biomass range showed negative NEE values (carbon source
whole aboveground biomass range showed negative NEE values (carbon source behavior).
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productivity of forests in medium precipitation areas was significantly lower. The
maximum values here were around 40 Mg C ha−1 a−1; in comparison, productivity reached
−1 −1 in low precipitation areas and a maximum of 50–60 Mg
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−1
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C
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−
1
−
1
50–60 Mg C ha a in high precipitation areas.
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distribution than the Rödig-based distribution. The values from the study of Rödig et al.
[25] were mostly between 22 and 27 Mg C ha−1 a−1, those from MODIS ranged between 25
and 32 Mg C ha−1 a−1, and those from this study ranged between 22 and 30 Mg C ha−1 a−1.
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Amazon are caused by deforestation, forest fragmentation, forest fires, and mortality
from climatic disturbances such as storms and drought [38]. Even though AGB losses in
areas with intact forests were only 0.10 Mg C ha−1 a−1 in 2010–2019, Qin et al. [38] drew
attention to the fact that ongoing land-use changes, increasing climate extremes in the
coming decades, and new Brazilian government policies may reduce the ability of forests to
absorb carbon. They warned that achieving the goals of the REDD+ program will become
more difficult.
Although the Amazon is generally still considered as a carbon sink, there have been
few studies that predicted that the Amazon is a carbon source [39]. Our NEE map
(Figure 3d) showed many areas where the Amazon is already a carbon source. A similar behavior with a similar distribution could be seen in [40], where it was found that large
parts of the Amazon are already so disturbed that they are sources of carbon; these are
mainly the areas of the Arc of Deforestation in the southeast of the Amazon. Gatti et al. [41]
also studied the Amazon’s carbon footprint and saw the risk of the Amazon becoming a
source of carbon. In 2011, they noted that the Amazon Basin was still a net carbon sink
of (0.25 ± 0.14) Pg C a−1 , but they now suspect a trend that the Amazon may become a
carbon source due to emissions from fires and drought [41].
4.2. Relationship between Forest Dynamics and Structure
In this study, it was found that the individual-based forest model in combination with
the GEDI data was well suited to investigate the vertical and horizontal structure of the
forest. Thereby, hidden relationships between dynamics and structure became evident.
As Rödig et al. [12] already mentioned, a combination of remote sensing data with forest
models provides a better understanding of forest growth and the impact of canopy height
complexity [12].
Here, it was found that forests with medium aboveground biomass and a heterogeneous horizontal structure have lower productivity than forests with a homogeneous
horizontal structure. Heterogeneous canopy height structure probably results from a mixture of old and young forest patches (or disturbed and undisturbed), consisting of large
trees shading smaller trees and some young high-productivity trees. Homogeneous canopy
height structures are composed of many medium-aged trees, which are associated with
high GPP [42].
The extensive dataset of the GEDI mission made it possible to generate a detailed
forest height map. Due to the high resolution of the lidar data, spatial patterns could be
recognized. Between both the Rio Negro and Solimões rivers, as well as in the transitional
forests from the southern part of the Amazon to the Arc of Deforestation, medium tree
heights from 20 to 35 m could be seen. Likewise, the significantly higher tree areas in
the northeast and western Amazon were clearly visible with tree heights from 30 to 45 m.
These results were also noted in the research of Saatchi et al. [43]. In [43], the structure
of the forest was described and studied using canopy height. The canopy height (RH90)
from the ICESat mission was used in [43] to show the distribution of tall trees, potential
gradients, and large spatial variability. The results are therefore comparable, although the
extensive dataset of the GEDI mission made it possible to resolve significantly more lidar
waveforms per km2 , which could lead to more accurate results.
Mitchard et al. [44] used ground plots to calculate the aboveground biomass and,
consequently, total carbon stock in the Amazon. They compared results from their ground
plot with remote sensing results generated in [11,43]. Mitchard et al. [44] criticized the
mismatches between ground plots and remote sensing maps. There are severe under- or
overestimations of aboveground biomass. They [44] argued that interpretation from remote
sensing data using single relationships between tree canopy height and aboveground
biomass led to large, spatially correlated errors. This challenge was addressed in this study,
and we determined the forest parameters, such as the AGB, GPP, and NEE, of the Amazon
by linking over 110 million GEDI waveforms with the forest model FORMIND. For this,
we did not just use a single metric describing the tree canopy height; instead we used the
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complete GEDI waveform at each GEDI shot position to determine the forest state. In our
study, the entire information from the waveform was used, which substantially improved
the description of the current forest state and thus reduced ambiguities (see, e.g., [19]).
For future investigations, in order to follow up on this analysis and to examine the
Amazon-wide forest structure and parameters in more detail, it makes sense to also analyze
the horizontal structure of the forest at a high resolution. There are already radar missions
that can detect the horizontal forest structure from wall to wall (e.g., TanDEM-X and
BIOMASS) [45,46]. By linking GEDI data, radar data, and forest models, it is possible to
conduct a detailed investigation of forest structure in order to explore new, yet unknown
forest parameter connections.
5. Conclusions
This study answered two main questions about the total productivity and carbon
balance of the Amazon rainforest (and their spatial distribution) and about the relationship
between forest productivity (GPP) and various forest attributes, such as aboveground
biomass, net ecosystem exchange, canopy structure, and age.
Low canopy height complexity was linked to young to middle-aged forest stands
with high GPP values and neutral-to-positive carbon balance. It is important to protect
these forests from deforestation and degradation in order to continue storing carbon so
that climate change can be partially mitigated.
In addition, our analysis showed that the total productivity and total carbon balance
of the Amazon rainforest were 11.4 and −0.1 Pg C a−1 , respectively. Low gross primary
productivity was found in the southeast, where the Arc of Deforestation is located, and
high gross primary productivity was found in the central Amazon Basin. A negative net
ecosystem exchange was mainly found in the Andes, the Negro–Branco moist forests, and
the Arc of Deforestation. A positive NEE was mainly found in the central Amazon Basin.
Furthermore, Amazon-wide maps were created, showing the forest parameters forest
height, aboveground biomass, gross primary productivity, and net ecosystem exchange.
They directly showed the regions in the Amazon that have been disturbed due to various
environmental and anthropogenic influences such as fires, deforestation, or drought and
therefore have provided little aboveground biomass, gross primary productivity, or net
ecosystem exchange. Large parts of the central Amazon Basin appear still intact. However,
even there, the first signs of degradation are already visible. In our analysis, the Amazon
still had a neutral carbon balance. To convert it back into a carbon sink, it is necessary
to support climate change mitigation. To ensure that the Amazon remains the largest
intact rainforest on Earth, deforestation and degradation must decline. High spatial
resolution knowledge of Amazon rainforest behavior as a carbon sink or source can help
policymakers make localized decisions for climate change mitigation actions and forest
restoration programs.
Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/rs13224540/s1, Figure S1: Map of turnover time, Figure S2: Frequency distribution of
turnover time for the Amazon based on 110 million lidar waveforms, Figure S3: Comparison
of aboveground biomass with gross primary productivity for three different precipitation areas,
Figure S4: Representation of the waveform matching, Figure S5: Frequency distribution for the
number of GEDI waveforms per 1 km2 grid cell, Figure S6: Map of the difference between biomass
from this study and data from Rödig et al. [12] for a resolution of 1 km2 , Figure S7: Map of the
difference between GPP from this study and data from Rödig et al. [25] and MODSI data for a
resolution of 1 km2 .
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