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Little is known about the structure of tropical forests despite its critical role in the provisioning of
ecosystem services. Here we assess the vertical structure of forests in the Brazilian Amazon with a
large-scale airborne LiDAR dataset. We show that fire has greater impact in the lowest forest strata,
differently from selective logging and windthrow. We also find that secondary forests quickly recover
or even exceed reference areas at the 1-10m height stratum but that full recovery for the 20-30m
height stratumhas not been achieved even after 35 years. Ourmodeling results suggest that proximity
to roads, elevation, precipitation, soil pH, and proportion of sand in the soil are the most important
predictors of forest structure. Finally, we identify 5 forest structural types (FSTs) and use them to
visualize the spatial distribution of forest structure. This studyprovides important information for forest
monitoring, management, and conservation.

Forests play an important role worldwide, holding a large fraction of the
biodiversity of terrestrial ecosystems and providing numerous ecosystem
services1–3. However, forests are experiencing substantial losses due to a
variety of human activities4–6 and remaining forest fragments are often
degraded due to edge effects, selective logging, fire, and cattle grazing within
fragments7–9. Unfortunately, it is challenging to detect signs of forest
degradation, such as changes in forest structure, with traditional remote
sensing techniques based solely on canopy surface reflectance10. The mon-
itoring of forest structure is also important because it has a strong influence
on several ecosystem services such as timber production, carbon storage,
and water quality11,12. For example, forests have a fundamental role in reg-
ulating climate at local, regional, and continental scale13–15, with forest
structure strongly mediating these effects16–18. Furthermore, forest structure
can play an important role in preventing soil erosion by holding the soil,
promoting infiltration, and slowing down water flow19,20. Finally, forest
structure complexity is strongly associated with wildlife occurrence and
diversity (e.g., bats and birds21–23).

Active laser sensors, particularly light detection and ranging (LiDAR),
have been shown to substantially improve upon passive optical remote
sensing systems in characterizing forest structure24,25. LiDAR sensors
operate by emitting high-density laser pulses towards the ground and
measuring the height at which these pulses are reflected24,26, resulting in a

detailed three-dimensional point cloud containing information on the
spatial and vertical arrangement of vegetation27. Despite LiDAR’s ability to
improve the understanding of the vertical structure of forests, most of the
research conducted with LiDAR has focused solely on top-of-the-canopy
height28. Importantly, although categorizing forests into forest types/vege-
tation classes based on their structure would be helpful for the development
of more tailored conservation, management, and restoration plans and
actions, existing vegetation classes might not be as informative about forest
structure as they could be. For example, to date, the most used vegetation
classification in the Brazilian Amazon is the one provided by the Brazilian
Institute of Geography and Statistics (IBGE), developed based on airborne
radar data and field plots measured in the 1970s and 1980’s29–31. Because
multiple criteria were used to create the IBGE classes (e.g., latitude, altitude,
and climate), some of these classes might be floristically distinct but not
necessarily structurally distinct.

In this study, we characterize the 3D (spatial and vertical) forest
structure in the Brazilian Amazon based on an unprecedented large-scale
LiDAR dataset covering approximately 188,000 ha. This characterization of
forest structure is based on the modeling of return probability (RP), esti-
mated as the number of returns within a given height class divided by the
number of incoming returns (i.e., returns with height below the upper limit
of the target height class)32,33. We chose this metric because it is
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straightforward to calculate and interpret, and it can be used as a proxy for
the amount of vegetation in a given height stratum. Importantly, this
approach allows us to account for the occlusion effect of vegetation above
this stratum32–36. On the other hand, more traditional LiDAR metrics
focusedon characterizing the vertical structure of forests (e.g., kurtosis of the
distribution of all return heights, foliage height diversity, plant area index,
and plant area volume density37–39) often do not share these characteristics.

We start this article by showinghowour characterization of the vertical
structure of the forest usingRP canyieldmore insights than that obtainedby
only using top of canopy height. We illustrate this by comparing results for
secondary forests of different ages and for forests impactedbydifferent types
of disturbances. Using the full LiDAR data, we assess the predictors of the
vertical structure of the forest. Finally, we identify forest classes with similar
vertical biomass profiles (i.e., forest structural types (FST)), mapping their
spatial distribution across the region.

Results
Comparison of top-of-canopy height (TCH) and vertical dis-
tribution of return probability (RP)
We rely on RP as a measure of biomass in each height strata. In this section,
we compare top-of-canopy height (TCH) and RP for areas with secondary
forests of different ages in 2019 with areas that were never clear cut between
1984 and 2019 (the time period encompassed by theMapbiomas product on
secondary forest age). We refer to these areas that were never clear cut as
reference areas. To this end, we calculate the difference in TCH between
secondary forests and the median TCH for reference areas within the same
transect, denoting this difference as ΔTCH. Similarly, we calculate the dif-
ference in RP between secondary forests and the median RP for reference
areas within the same transect, denoting this difference as ΔRP. Based on
these calculations, we find that, as expected,ΔTCH andΔRP tend to increase
as secondary forests grow older (Fig. 1). However, even after 35 years (the
maximum age of secondary forests in our dataset), we find that the ΔRP and
ΔTCH of the 20–30m height class have not fully recovered when compared
to reference areas in the same transect (Fig. 1c, d). On the other hand, our
results reveal that ΔRP in the 1–10m height class recovers quickly, taking
5–10 years to reach levels comparable to those found in surrounding refer-
ence areas (Fig. 1a). Interestingly, our results suggest that secondary forests

that are more than 15 years old often have greater RP in the 1–10m height
class when compared to surrounding areas that were never clear cut (Fig. 1a).

We find that ΔRP provides unique information regarding the lower
forest strata. More specifically, the correlation between ΔTCH and ΔRP for
the 1–10mheight class was only 0.18, indicating that the 1–10mRP contains
information that is distinct from that provided by top-of-canopy measures.
On the other hand,ΔTCH has an overall pattern that is very similar to that of
ΔRP in the 10–20m and 20–30m height classes (Fig. 1b–d). Indeed, we find
a strong positive correlation (Pearson correlation� 0:7) betweenΔTCH and
ΔRP for these higher strata, suggesting that these metrics provide similar
insights regarding biomass in the top strata of the forest.

Our second example relies on pixels impacted by a single forest dis-
turbance (i.e., selective logging, fire, or windthrow) and that were flown twice
(once before and once after the disturbance). We calculated RP for each
height class and each flight, enabling the assessment of how much RP
changed (i.e., ΔRP) and howmuch TCH changed (ΔTCH) for the impacted
areas. The ΔTCH results reveal that forests impacted by logging tended to
have a slightly greater decrease in forest height when compared to forests
impacted by fire and windthrows (Fig. 2b). On the other hand, the ΔRP
results reveal more detailed information. For example, fire had the greatest
impact in the 1-10 class, with diminishing impacts for higher height classes
(Fig. 2a), an expected pattern given that forest fires are typically disturbances
that arise from the forest floor. On the other hand, the vertical distribution of
ΔRP reveals that pixels affected by logging or windthrows tended to have
more even impacts in the different height classes (Fig. 2a).

Recall that secondary forest age and forest disturbance data were
independent of theLiDAR information.As a result, similar to thefindings in
our previous work32, the comparative results described in this section pro-
vide strong support for the ability of RP to capture vertical patterns in forest
biomass that are not evident from top-of-canopy information.

Predictors of return probability (RP)
Weusedageneralized additivemodel (GAM) to explorepredictorsofRP for
the entire LiDAR dataset. Our GAMs revealed that all spline terms were
statistically significant, regardless of height class. This is expected given the
large number of observations (~750,000) available for each model. We find
that proximity to roads tended to decrease RP across all height classes

Fig. 1 | Comparison of the difference in return probability (ΔRP) and difference
in top of canopy height (ΔTCH) as a function of secondary forest age (x-axis).
Differences were calculated as the observed metric minus the median value for the
corresponding reference areas. Values close to zero (horizontal red line) indicate that
the target metric is close to the value observed for reference areas. ΔRP results are

shown separately for different height classes: 1–10 m (a), 10–20 m (b), and 20–30 m
(c). Results for 30–40 m and 40–50 m are not shown because the difference in return
probabilities was very small and uninformative. d The corresponding results for the
difference in top of canopy height ðΔTCHÞ.
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(Fig. 3), a pattern that we attribute to the direct effects (e.g., logging and fire)
and indirect effects (e.g., edge effects) of human activities. The effect of
proximity to roads tended to be stronger and have longer spatial range (i.e.,
greater distances) for the 1–10m and 10–20mheight strata, suggesting that
anthropogenic disturbances that tend to predominantly come from below
(e.g., fire and understory vegetation clearing by humans or cattle) have
greater spatial reach. Critically, these lower forest strata impacts are more
likely to go undetected by optical remote sensing, suggesting that the extent
of anthropogenic disturbances is likely to be much larger than what has
currently been estimated using optical sensors.

Aside from proximity to roads, the variables that in general had the
greatest effect (determined as the variables resulting in the greatest predicted
RP range) across most of the height classes were elevation, soil pH, pro-
portion of sand, and precipitation (Fig. 3). Interestingly, we observe that
elevation and soil pH tend to have relatively consistent effects across the
different height classes. For example, low elevation areas (e.g., areas close to
the main rivers) tend to have lower biomass across all height strata when
compared to high elevation areas. Similarly, areas with more acidic soils
tended to have greater biomass across all height strata. On the other hand,
the relationship between RP and proportion of sand and precipitation
depended on the height class being examined. More specifically, areas with
low proportion of sand tended to have higher RP for taller classes (i.e.,
30–40m and 40–50m height classes) but somewhat lower probabilities for
shorter classes (i.e., 10–20m and 20–30m height classes). This pattern
suggests a shift in forest structure, where areas with low proportion of sand
generally have taller forests with less understory whereas areas with a high
proportion of sand have shorter forests with greater density of understory.
Similarly, our results for precipitation also suggest a shift in forest structure,
where areas with lower average precipitation (i.e., ~150mm per month)
generally have shorter forests with greater density of understory whereas
areas with higher precipitation (i.e., ~240mmpermonth) have taller forests
with less understory. To help the interpretation of the results in Fig. 3, we
havequalitatively categorized each relationship (positive, negative, constant,
or unimodal) in Supplementary Note 4.

The amount of explaineddeviance rangedbetweenapproximately 20%
for the 1–10 and 10–20m height strata to approximately 35–38% for the
taller strata. These results suggest that the adopted explanatory variables,
togetherwith other omitted spatial variables captured by the spatial spline in
GAM, are more strongly related to biomass in the higher strata when
compared to the lower strata. The substantial unexplained variance, parti-
cularly at the lower strata, might be due to local anthropogenic activities
(e.g., logging and fire) that are not fully captured by our distance to road
variable and/or by local high soil fertility patches (e.g., due to the presence of
terra preta potentially created by ancient human populations40).

Forest structural types (FSTs) and their spatial distribution
We used a modified LidarLDA model to identify forests that have similar
vertical structure (Forest structural types; FSTs) and to estimate the pro-
portion of these forest types in each LiDAR transect. Importantly, although
thismodel assumed amaximumof five FSTs, it allowed for the possibility of
there being fewer FSTs. Our results suggest that all five FSTs are important
as theywere common in different regions of the landscape. These FSTs have
relatively distinct forest structure as shown with their height profiles in
Fig. 4a, with FSTs 1 through 5 representing a general gradient from tall to
short forest types. There are also important differences between FSTs
regarding RP in the intermediate height classes. For example, FST 3
represents forests that are stockier (i.e., slightly shorter but with much
greater biomass between 10 and 30m)when compared to the slender FST 2
(i.e., slightly taller but with substantially less biomass between 10 and 30m).
Finally, FSTs 4 and 5 are much shorter forest types when compared to the
other FSTs, with FST 5 being the shortest FST.

Using a random forest model to create spatial predictions of the pro-
portion of each FST, we find that the five FSTs have very distinct spatial
distributions (Fig. 4c–g). For example, the tallest forest type (i.e., FST 1) is
very common in western Amapá and northwestern Pará. On the other
hand, the slightly shorter FST 2 is more common in Acre whereas the
stockier FST 3 ismuchmore common inAmazonas state. The shorter FSTs
(i.e., FSTs 4and5) aremore commonalong themain rivers in the regionand
in the eastern/southeastern edges of the study area, representing the

Fig. 2 | Impact of fire, logging, and windthrow on the vertical distribution of return probability (RP) and top-of-canopy height (TCH).Changes in RP (a) and TCH (b)
were calculated as ΔRP ¼ RPith;after � RPith;before and Δ TCH ¼ TCHit;after � TCHit;before, respectively, for each 50 × 50m pixel.
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transition zone between the Amazon and the Brazilian savanna (i.e., Cer-
rado) biomes.

To summarize this information, we also created a single map con-
taining the dominant FST for each pixel (Fig. 4b). Interestingly, there seems
to be a strong correspondence of the spatial distribution of some of the FSTs
with geological formations. For example, FST 1 seems to correspond well
with theGuiana shield formation, FST2with the Brazilian shield, and FST3
with theAmazon basin lowlands andPebas formation. Thismap also allows
the comparison of the spatial distribution of FSTs and the IBGE vegetation
classes, revealing that, despite some similarities, there is no one-to-one
relationship between IBGE vegetation classes and our FSTs. These results
suggest that the identified FSTs provide distinct information than that
provided by the IBGE vegetation classes (Supplementary Note 3). We also
compare these classification schemes regarding their ability to capture large-
scale patterns of TCH and biomass based on independent global maps. We
find that the IBGE vegetation classes had anR2 of 52% and 23% for biomass
and TCH, respectively. On the other hand, the estimated FSTs had an R2 of
48% and 45% for biomass and TCH, respectively. In short, the estimated
FSTs perform substantially better than the IBGE vegetation classes in
explaining forest height but has similar performance regarding forest
biomass.

Discussion
We use an unprecedented airborne LiDAR dataset from the Brazilian
Amazon to assess the 3D structure of Brazilian Amazon forests and identify
the environmental variables that are strongly associatedwith it.We focus on
RP as a measure of biomass in a particular height stratum because this is a
straightforward metric that avoids the occlusion effect of vegetation above
the height stratum of interest. We show how the vertical distribution of RP
canprovidemore information about forests thanTCHby characterizing the
structural recovery of secondary forests through time and the distinct ver-
tical impacts offire, selective logging, andwindthrows.Using the full LiDAR
dataset, we model RP as a function of a series of covariates, finding that

proximity to roads, elevation, precipitation, soil pH, and proportion of sand
were the variables that had the greatest effects on RP across most of the
height classes. Finally, using a modified LidarLDA model, we identified 5
FSTs, enabling the visualization of the spatial distribution of forest structure
across the Brazilian Amazon.

By analyzing the vertical profile of secondary forests in the region, we
were able to characterize the regrowth dynamics of these forests over dif-
ferent height strata. More specifically, our results indicate that, even after
35 years,most secondary forest areas have not fully recovered their TCH, an
outcome that is corroborated by the finding that RP in the 20–30m height
class also did not fully recover (Fig. 1). Similar to these results41, find that
canopy height of secondary forests plateaus at 60% of intact forest after
10–15 years and that aboveground biomass is only 40% when compared to
intact forest after 20 years. However, our RP results for the 1–10m height
class reveal that the biomass of secondary forests in this height class has
already fully recovered after 5–10 years and that secondary forests >15 years
old often havemore biomass in this height class than the surrounding forest
that was never clear cut (Fig. 1). The patterns regarding vegetation regrowth
in different height strata can serve as baseline information to determine how
successful restoration projects in the region have been in increasing the
recovery rate of these forests. More specifically, region-specific baselines
could be created given that climate andother environmental factors strongly
influence forest recovery rate42. These region-specific baselines are likely to
be useful for the large-scale assessment of restoration projects, com-
plementing the plot-based ecological indicators that have recently been put
forward for the Brazilian Amazon43.

There are multiple types of forest disturbance in the Amazon region44.
For example, despite the fact thathumid tropical forests arenotnaturallyfire
prone, fire has become increasingly more prevalent in the Amazon region
and it has been estimated that fire has impacted an area of approximately
69,000 km2 in201945. Selective logging is another importantdisturbance as it
has been estimated to affect 12,000–20,000 km2 per year between 1999 and
200210. Finally, convective storms can create windthrows, resulting in

Fig. 3 | Relationship between return probability (RP) for different height classes
and potential environmental predictors. Top to bottom panels show results for
different height classes, whereas the effect of environmental predictors are shown
from left to right panels. The range of the x-axis of each panel was restricted to the 1st
and 99th percentiles of the corresponding covariate because this is the range most

informed by the data. We show the corresponding pointwise 95% confidence
intervals but because these intervals are very narrow, they cannot be visually dis-
tinguished from the mean relationships. CEC, SOC, and WTD stand for cation
exchange capacity, soil organic carbon, and water table depth, respectively.
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substantial tree mortality46 and recent modeling results suggest that wind-
throws are likely to increase in frequency due to an increase in the area with
favorable conditions for extreme storms47. Three-dimensional forest
structure information is important to shed light on the vertical distribution
of the impact of these forest disturbances. For example, usingfield data from
a fire experiment48, showed that fires resulted in higher mortality of smaller
trees, particularly at forest edges. These findings were corroborated by our
results showing greater fire impact on the lower height strata of the forest
(Fig. 3). More generally, our GAM analysis reveals the strong negative
influence of proximity to roads onRP,with a particularly pronounced effect
and a greater distance reach for the lower height strata (i.e., 1–10m and
10–20m; Fig. 3). We attribute this distance effect to anthropogenic dis-
turbances such as understory fire, logging, and edge effects. However, we
note that our roadnetwork dataset is likely to represent only a fraction of the
existing roads at the time of LiDAR data collection. Unfortunately, there is
noup-to-date, complete dataset of the roadnetwork in the regionwhich also
includes so-called unofficial roads49 and, as a consequence, our distance-to-
road results likely overestimate the reach of anthropogenic disturbances.
Nevertheless, because we found a greater effect of proximity to road for the
lower height strata, it is possible that there might be substantial under-
estimation of forest disturbance area if one relies solely on top-of-canopy
information (e.g., information that arise frompassive optical remote sensing
satellite imagery10,50).

This differential impactof disturbances acrossheight strata is also likely
to have strong implications for determining the effect of these disturbances
on forest carbon storage. For example51, determined carbon loss associated
with a range of disturbances by comparing pre- and post-disturbance TCH.
However, given the differential impact of fire, logging, and windthrows in

the different height strata, it is possible that their quantification of carbon
losses could be improved. For example, the impact of fire is particularly
acute for the 1–10 and 10–20mheight strata, suggesting that carbon storage
losses associated with fire are muchmore pronounced than what would be
predicted solely based on decreases of TCH.More broadly, it is possible that
large discrepancies between field biomass and biomass map products
derived fromTCHare associatedwith areas that have substantially different
vertical distribution of biomass, either due tonatural forest characteristics or
anthropogenic disturbances. If this hypothesis is correct, this would suggest
that prediction models used to create biomass/carbon maps based on
LiDAR data would benefit from including additional metrics that better
capture the vertical distribution of biomass information (e.g., RP for dif-
ferent height strata).

Several studies have assessed large-scale spatial patterns of forest
characteristics in tropical forests, such as species richness and
composition52,53, biomass and carbon density54–56, andTCH57,58. However, to
our knowledge, this is thefirst study to explore in detail the vertical structure
of these forests in the region using airborne LiDAR data. Importantly,
despite the fact that the modified LidarLDA model adopted here did not
explicitly include spatial information, the maps depicting the predicted
distribution of the identified FSTs reveal striking spatial patterns, some of
which are corroborated by the literature. For example, a widely acknowl-
edged pattern is that flooded forests in the Amazon tend to be shorter and
have lower biomass when compared to upland (Terra Firme) forests59,60,
agreeing with our finding that the shortest FST is very common in areas
close to the major rivers.

We also compare the identified FSTs with the IBGE vegetation classes.
The IBGE vegetation classes have been the most used classification in the

Fig. 4 | Height profiles of the forest structural types (FSTs) identified by the
modified LidarLDA model, and the predicted spatial distribution of the pro-
portion of each FST according to our random forest model. The height profile of
each FST is displayed in (a), the spatial distribution of the predicted proportion of
each FST is shown in (c–g) (proportion legend), and a summary of the information
from c to g created by displaying the dominant FST in each pixel is provided in (b)

(FST legend). Extrapolations were avoided by restricting predictions to pixels that
have predictor values within the range of values in the training data and that were
within the convex hull of the LiDAR data. We only plot predictions for areas clas-
sified as forests in 2019. Abbreviations refer to the following Brazilian states: AM
Amazonas, AC Acre, RR Roraima, RO Rondonia, MT Mato Grosso, PA Pará, and
AP Amapá. The size of each pixel in these maps is 0.1 × 0.1°.
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Brazilian Amazon, being adopted for a wide range of applications. Fur-
thermore, these IBGE vegetation classes are a key component of prominent
worldwide vegetation classification schemes61,62. Nevertheless, there have
been relatively few comparisons of these vegetation classes in the literature,
particularly for the Brazilian Amazon. Our comparison of the identified
FSTswith the IBGE vegetation classes reveals that, despite some similarities,
there is no one-to-one relationship between these classes. Critically, using
independent data, we demonstrate that the identified FSTs better represent
TCHwhencompared to the IBGEvegetation classeswhereas therewas little
difference regarding biomass. Importantly, there might be a decoupling
between forest structure and biomass where forests with relatively distinct
structure might nevertheless have similar overall biomass. Indeed, we find
that field plots in areas dominated by FSTs 1 and 3 tend to have similar
biomass values, whereas FST 2 areas tend to have lower biomass, despite
FST 2 generally having taller trees than FST 3. Future studies using forest
structure metrics measured on the field will be critical to assess if the
identified FSTs indeed better describe forest structural characteristics when
compared to the IBGE vegetation classes.

Amazon forest types are broadly determined by soil and hydrological
conditions (e.g., presence or absence of seasonal or permanent
flooding)52,53,63. Our GAM analysis corroborates these results by identifying
the strong role of elevation (a proxy for hydrological condition), as well as
soil pH and proportion of sand, in determining RP. These results agreewith
those from other local studies in the region that have found that biomass
tends to benegatively associatedwithproportion of sand (64,65 but see ref. 66)
and a regional analysis that found that maximum tree height is positively
associated with soil clay content and elevation67. Our GAM analysis also
identified the strong influence of precipitation, with areas with low pre-
cipitation having amuch higher RP in the 1–10m class but lowerRP for the
30–40 and 40–50m classes than areas with high precipitation. Indeed,
experimental68 and observational studies using remote sensing69 have
reported on decreases of Amazonian forest biomass and vegetation indices
due to decreased precipitation. However, similar to the quadratic biomass-
rainfall andmaximum treeheight-rainfall relationships in ref. 70 and ref. 67,
respectively, we find that the relationship between RP for the 30–40 and
30–40mheight class peaks around230mmpermonth, declining thereafter.
In other words, areas with even highermonthly precipitation apparently do
not support higher RP, an intriguingfinding that requiresmore exploration.

Most studies examining large-scale patterns in Amazonia have relied
on relatively large but sparse field plot data52,71, limiting their ability to
characterize forests in this vast region.We believe that the LiDARdata from
the EBA project data can complement these existing datasets by providing
large-scale standardized information on forest structure. Nevertheless, it is
important to note that this project did not control for leaf phenology and, as
a consequence, some of the unexplained geographical and before-and-after
differences in our results might be attributed to some trees having fewer
leaves during the time of the year that their data were collected. We do not
expect this to be a major problem for most of the study region, but we
acknowledge that the proportion of deciduous treesmight be non-negligible
for some areas (e.g., the southeast area of the Brazilian Amazon). Finally,
another important limitation is that, while we explicitly avoided data from
secondary forests when identifying forest types, our data might still contain
degraded forests, potentially impacting our ability to accurately characterize
some of the forest types (e.g., forest types 4 and 5).

Our methodology has relied on RP, a measure of biomass that takes
into account the occlusion effect of the vegetation above the height stratum
of interest32–36. Importantly, we show that RP is particularly effective in
characterizing the lower height strata of the forest, something that TCH
cannot capture.While several LiDARmetrics have been proposed and used
in the past to capture the vertical structure of forests (e.g., see
refs. 37,38,72,73), we believe that RP is a useful addition to these metrics
because it is straight-forward to calculate and interpret and, as we have
shown, it can provide rich information regarding the vertical distribution of
biomass in the forest. We believe there are two important areas for future
research. First, it would be fruitful to use terrestrial laser scanning (TLS) data

to validate RP-based results regarding the vertical structure of forests. TLS
has been extensively used to characterize the vertical structure of tropical
forests and the impact of disturbances (e.g., logging and edge effects) on
forest structure74–76. Second, understanding how metrics from spaceborne
LiDAR sensors (e.g., GEDI77 and ICESat-278) relate to RP-based results has
the potential to allow for the mapping of forest structure even in areas that
lack ALS data.

We model RP as a function of several environmental variables using
GAMs and we identify FTSs using a modified LidarLDAmodel. This latter
approach is particularly useful because it enables the straightforward
visualization of the spatial distribution of the vertical profile of forests. We
believe that this methodology is generalizable and can be used to char-
acterize forest structure in other areas that have large-scale airborne LiDAR
data. Aside frommethodological advances, we believe that the information
derived from our analyses will be of wide use tomanagers, decisionmakers,
and other researchers interested in forest structure and its relation to eco-
system services, quality of restoration projects, and impacts of forest
disturbances.

Methods
LiDAR data
We rely on airborne LiDAR data from the “Improving Biomass Estimation
Methods for the Amazon” (EBA) project conducted by the Brazilian National
Institute for Space Research (INPE)54,67. These data were collected between
2016 and 2018 with full-waveform laser pulses being emitted from a Trimble
Harrier 68i sensor (Timble; Sunnyvale, CA) onboard a Cessna aircraft (model
206). Each transect corresponded to a single flight line and covered an area of
375 ha (12.5 km× 300m). The average flight height was 600m above ground,
the field of view was 30°, and the average point density was set to 4 points/m2

(additional technical information regarding the LiDAR system and these
flights can be found in published studies54,79). In total, LiDAR data were
collected for 906 transects across the entire Brazilian Amazon. Most of these
transects were located at random within areas classified as forests in 2015 by
INPE, but some of these transects were also strategically located in areas with
ongoing research projects from partner organizations.

These data have been used to create a regional biomass map54, assess
dynamics of forest canopy gaps80 and how these gaps relate to tree
mortality79, determine carbon loss associated with anthropogenic and natural
disturbances51, and investigate the factors that influence forest height67 within
the Brazilian Amazon. However, it is important to note that all of these past
studies have relied on top-of-the-canopy information whereas here we focus
on exploring forest structure information for multiple height strata.

Pre-processing of LiDAR data
We subset the LiDAR data to retain only those returns associated with
absolute scan angles lower than 5 degrees. We adopt this criterion to
improve our calculation of the number of incoming returns for each height
stratum (see “Return probability” description below). All vegetation returns
were normalized to account for ground height based on a digital terrain
modelwith a 1mresolution. Furthermore, all normalized returnsbelow0m
were truncated to zero. Finally, we aggregated these data by counting the
number of returns within 50 × 50m horizontal pixels and within the fol-
lowingheight bins: 1–9.9, 10–19.9, 20–29.9, 30–39.9, 40–49.9m, and>50m.

We excluded some of the LiDAR transects due to one of the following
reasons. First, transects with problematic projection information (e.g.,
transects with no projection information or transects in which the projec-
tion information implied that the coordinates were outside the Amazon
region) were excluded. Second, we only retained transects that were ran-
domly located to avoid over-representing some research areas withmultiple
transects. Finally, because one of our predictor variables (i.e., distance to the
road network) was not available for the eastern most part of the Brazilian
Amazon (i.e.,Maranhao andTocantins states), we also removed transects in
these states. Out of the original 906 transects, we retained 725 transects.
Within these transects, we only kept pixels classified as forests by the
MapBiomas land-use/land-cover (LULC) map for 201981. Altogether, the
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final dataset represented a total area of approximately 188,000 ha (see spatial
distribution of LiDAR transects in Supplementary Note 1).

Return probability (RP)
We focus on modeling RPith for each pixel i, transect t, and height class h.
This probability can be estimated as the number of returns within a given
height class divided by the number of incoming returns. More specifically,
let nith denote the number of returns in pixel i in transect t and height strata
h, and Nith be the number of incoming returns for that height stratum,
calculated asNith ¼

Ph
j¼0nitj. RP can therefore be estimated ascRPith ¼ nith

Nith
.

We illustrate the calculation of RP in Fig. 5. For example, if there are 3
returns between 10 and 20m and a total of 5 returns below 20m, then RP
between 10 and 20m (i.e.,cRPitð10�20Þ) is estimated as 35. Similarly, if there are
2 returns between 20 and 30m and a total of 7 returns below 30m, then RP
between 20 and 30m (i.e., cRPitð20�30Þ) is estimated as 2

7.
Thebenefit of focusing onRP is that it inherently takes into account the

occlusion effect of the vegetation above each height stratum (an important
problem for ALS data82) by conditioning on the number of returns that
reach that stratum. Furthermore, this probability can be used as a proxy of
the amount/density of vegetation in different height strata32–36. For
example33, called this metric the “relative density model” (RDM) and
showed how RDM between 1 and 5m can be used to successfully map
understory disturbances associated with selective logging (e.g., roads, skid-
trails, landings, and harvested tree gaps) in the Brazilian Amazon region.

Comparison of top-of-canopy height (TCH) and the vertical dis-
tribution of return probability (RP)
RP is a measure that can be used to assess the vertical distribution of forest
biomass, providing more information than what can be obtained from just
top-of- canopy height (TCH) information. To obtain the TCH information,
we first created a canopy heightmodel (CHM) by computing themaximumof
the normalized cloud (digital surface model minus digital terrain model)
within 1 × 1m pixels. Then, TCH was calculated by averaging the CHM
results within 25 × 25m pixels. We illustrate the advantage of RP relative to
TCH by giving two examples: (1) comparing forests that were never clear cut
to secondary forests of different ages; and (2) characterizing the impact of
different forest disturbances.

For our first example, we relied onMapbiomas product containing the
2019 age of secondary forests. This age is estimated based on the pixel-level

time-series of land-use and land-cover (LULC) classes83 and ranges from 0
(areas that were never clear cut) to 35 years of age. For each transect, we
calculate themedianRPandmedianTCHfor areas thatwere never clear cut
during this 35-year period (hereafter referred to simply as reference areas)
and use this information as the baseline against which we compare the
results for secondary forests of different ages.We expect to see increasingRP
andTCHas secondary forests growolder, withmore rapid recovery ofRP to
baseline levels in the lower height classes.We also hypothesize that the TCH
recovery patterns will not correlate well with RP recovery patterns at the
lowerheight classes, revealing the limitations associatedwithusingonly top-
of-canopy information.

In our second example, we compare information from RP in each
height strata with TCH information for transects impacted by different
forest disturbances. More specifically, we assess the effect of fire, selective
logging, and windthrows (three disturbances likely to have very different
vertical profiles) for transects that were flown twice, before and after the
disturbance. To this end, we reanalyzed the data used by ref. 51, in which
disturbances were identified and categorized by a detailed examination of
high-resolution Sentinel-2 imagery and PlanetScope NICFI mosaics for a
subset of 99 randomly selected LiDAR transects from the EBA project. For
our analysis, we restrict these data to only pixels that were flown twice and
thatwere only impactedby a single type of disturbance, resulting in a total of
approximately 5300, 5200, and 1200 pixels for fire, windthrows, and
selective logging, respectively. For each of these pixels, we calculated the
difference in pre- and post-disturbance RP and TCH. We expect that fire
impactwill be higher for lower height classes due to the bottom-upnature of
this disturbance, whereas we expect that windthrows will have a greater
impact in the upper height classes. Finally, we do not have a clear expec-
tation regarding the effect of selective logging; while tree felling is likely to
result in major changes at the top of the forest canopy, the infrastructure
needed to remove the felled trees (i.e., roads and skid trails) is likely to have
strong impact on the lower height classes.

Predictors of return probability (RP)
We relied on a generalized additive model (GAM84) to understand why
some areas have higher RP than others. More specifically, we assume that:

nith � Binomial Nith;RPith

� � ð1Þ

Fig. 5 | Schematic representation of the calculation
of return probability (RP) between 10–20m and
20−30m for a set of 3 stacked voxels. The number
of incoming returns Nith is given by the sum of all
returns below the upper height threshold.
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where RPith is the RP. We assume that RP is given by:

logit RPith
� � ¼ β0h þ

XP
p¼1

s1hp xitp
� �

þ s2h std:latit ; std:longit
� �

ð2Þ

where s1hpðxitpÞ denotes a 1-D B-spline with 5 basis functions for predictor xitp
and height class h.We also include a 2-D thin-plate spline for the standardized
latitude and longitude coordinates (i.e., s2h std:latit; std:longit

� �
) to account for

spatial correlation arising from additional factors not included in the model.
We fit an independent GAM for each height strata using the function “bam”
within the R package “mgcv”84.

The predictor variables for the GAMmodel consisted of:
Topographic variables: we extracted elevation (in meters) and slope
information (m/100m) for each pixel from the 1 km spatial resolution
products provided by ref. 85. These products are based on the near global
90m digital elevation model product of the Shuttle Radar Topography
Mission (SRTM).
Precipitation: we first extractedmonthly precipitation information (inmm
per month) for each year and month between 2010 and 2019 from
WorldClim86 to then summarize this information by calculating its average
across all 10 years. Using these data, we also calculated the maximum
cumulative water deficit (MCWD87) as a proxy for rainfall seasonality.
Soil characteristics: we extracted soil properties information from
SoilGrids88. SoilGrid maps have a 250m spatial resolution and are based
on prediction models fitted to over 230,000 soil profile observations from
the WoSIS database (see WoSIS details in ref. 89). We relied on the
following soil properties: cation exchange capacity (cmol/kg), soil pH,
proportion of sand particles (g/100 g), and soil organic carbon content
(g/kg). Information on these soil characteristics was available for different
soil depths (i.e., 0–5, 5–15, 15–30, 30–60, and 60–100 cm). To summarize
eachmetric across all these depths,we calculated aweighted averagewhere
the weights were given by the height of each soil layer (e.g., the weights for
the 0–5 cm and 30–60 cm layers were 5/100 and 30/100, respectively).
Water table depth (WTD): WTD estimates (in meters) are provided by
ref. 90 and are based on more than a million well measurements from
across the world.
Road distance: To account for human influence on forest structure (e.g.,
through selective logging, understoryfire, or other edge effects), we relied
on the road network mapped by IMAZON91 to quantify the distance (in
meters) of each pixel to the nearest road.

We checked for multicollinearity problems with these predictor vari-
ables by calculating their variance inflation factor (VIF). All the variables,
exceptMCWD,had aVIF less than3.5 and thuswere kept in themodel. The
spatial distribution of these variables is depicted in Supplementary Note 1.
For the purposes of our GAMs, variables with very skewed distributions
were transformed (i.e.,w ¼ log qþ 1

� �
, where q andw are the original and

transformed variables, respectively) to ensure a more even distribution of
values.Theonly exceptionwasWTD.Because this is a variablewithnegative
values, we relied on the transformation w ¼ log �qþ 1

� �
to make its dis-

tribution less skewed. All predictor variables were subsequently standar-
dized (i.e., x ¼ w��w

sdw
, where �w and sdw are the mean and standard deviation

of w) prior to model fitting.

Forest structural types (FST) and their spatial distribution
To simplify the characterization of the 3D forest structure, we identified
clusters of pixels with similar vegetation type using a modified version of a
model called LidarLDA32. The LidarLDA model is based on the Latent
Dirichlet Allocation (LDA) model originally developed for text-mining92

and later applied to a wide range of fields. In LidarLDA, a type of mixed
membershipmodel, a givenpixel can be assigned tomultiple clusters.While
the original LidarLDAmodel assigned each return to a cluster, wemodified
this approach such that all returns within a 50 × 50mpixel are assigned to a
single cluster instead. Thismodification substantially reduces the numberof

latent variables in the model, making it more computationally efficient,
while helping to ensure that results are more interpretable. We call the
identified clusters FSTs because these forests have similar vertical vegetation
profiles (i.e., similar RPs in the different height classes). We developed the
Monte CarloMarkov Chain (MCMC) algorithm needed to fit the modified
LidarLDAmodel using R93 and C++94. A more detailed description of this
modified LidarLDA model can be found in Supplementary Note 2.

To avoid taller height classes from overly influencing the identified
FSTs due to their higher number of returns, we set themaximumnumber of
incoming returns to 100, adjusting the number of returnswithin eachheight
class accordingly. More specifically, we set the number of incoming returns
to eNith ¼ 100 and the number of returns per height strata to enith ¼
roundðnithNith

× 100Þ whenever Nith > 100. In this expression, round xð Þ is a
function that rounds x to the nearest integer. This approach ensures that
different height classes generally have the same number of incoming
returns, having similar influence when determining FSTs. We set the
maximumnumber of FSTs to 5 because there are 5main vegetation types in
the region based on the IBGE classification (Supplementary Note 3).
However, the modified LidarLDA model can identify fewer FSTs if that is
best supported by the data because it relies on the truncated stick-breaking
prior, a sparsity-inducing prior that iswidely used to estimate the number of
clusters95. Finally, because we are interested in the biogeography of the
natural FSTs in the region, we fit this model only using data from forested
areas thatwere not deemed to be secondary forests in 2019 byMapbiomas83.

ThemodifiedLidarLDAmodel characterizes eachFST in termsof their
height profiles (i.e., distribution of RP for each height class) and estimates
the proportions of each FST in each transect. These FST proportion esti-
mates were subsequently interpolated by creating spatial predictions using a
random forest regression model96. More specifically, the random forest
model was used to relate the estimated proportions of each FST to the
predictor variables listed above and the spatial coordinates of the center of
each transect. The fitted random forest model was then used to make pre-
dictions for systematically distributed points throughout the study region,
enabling the creation ofmaps depicting the spatial distribution of each FST.
To avoid extrapolations in covariate space, we only make predictions for
areas in which the covariate values are within the range of the training
dataset. Furthermore, to avoid spatial extrapolation, we restrict predictions
to the convex hull derived from all the observations used to train themodel.
Finally, we restrict predictions to areas that were known to be forested in
2019 according to the LULC classification by MapBiomas.

We relied on two independent datasets to compare the ability of the
estimated FSTs and the IBGE vegetation classes in summarizing forest
structure in the region.Thefirst dataset is a globalmapofTCHderived from
theCopernicus Sentinel-2mission, operated by the European SpaceAgency
(ESA), and NASA’s Global Ecosystem Dynamics Investigation (GEDI)57.
The second dataset consisted of forest inventory data from ref. 38. This
dataset contained information on the location (i.e., spatial coordinates),
aboveground carbon density, plot size, and disturbance history (burning
and selective logging) of each plot. We restricted our analysis to only plots
located in areas with no forest disturbance (i.e., classified as intact forest by
Longo and colleagues38) and to plots with 2300–2700m2 in size. Ultimately,
this filtering process resulted in a dataset with 121 plots spread throughout
the Brazilian Amazon region.

We compare the ability of the estimated FSTs and the IBGE vegetation
classes in characterizing biomass and TCH by calculating R2 for each
classification approach, given by:

R2
IBGE ¼ 1�

P
i

P
t yit � �yIBGEk it½ �
� �2

P
i

P
t yit � �y
� �2 ð3Þ

R2
LidarLDA ¼ 1�

P
i

P
t yit � �yLidarLDAk it½ �
� �2

P
i

P
t yit � �y
� �2 ð4Þ
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where yit is the TCH (or biomass) for pixel i in transect t and �y is the overall
average. In these expressions, �yIBGEk it½ � is the median TCH (or biomass) for the
IBGE vegetation class assigned to this pixel and transect (i.e., class k).
Similarly, �yLidarLDAk it½ � is the median TCH (or biomass) for the FST assigned to
this pixel and transect (i.e., FST k). Values of R2 close to 1 indicate that the
corresponding classification scheme explains almost all the variation in
forest structure whereas values close to zero indicate that the classification
scheme poorly represents forest structure.

All results and figures in this article were created using R and the
following packages: ggplot297, sf 98,99, terra100, mgcv84, and randomforest96.

Data availability
The LiDAR data from the EBA project can be found in the links below: a.
Overview here: https://zenodo.org/records/4557390. b. Acre, Rondonia:
https://zenodo.org/records/7689909. c. Mato Grosso, Amazonas, Para:
https://zenodo.org/records/7636454. d. Roraima, Amapa: https://zenodo.
org/records/7689693. The data used to create Figs. 2 and 3 can be found in
the link https://zenodo.org/records/17487287.

Code availability
The modified LidarLDA model is fitted in a Bayesian framework with a
Gibbs sampler. All the necessary code to run this model can be found in the
public repository https://github.com/drvalle1/mLidarLDA. This repository
also includes a brief tutorial describing how to fit themodel and interpret its
results when applied to simulated data.
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