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Abstract

Tree growth and survival differ strongly between canopy trees (those directly exposed to
overhead light), and understory trees. However, the structural complexity of many tropical
forests makes it difficult to determine canopy positions. The integration of remote sensing
and ground-based data enables this determination and measurements of how canopy and
understory trees differ in structure and dynamics. Here we analyzed 2 cm resolution RGB
imagery collected by a Remotely Piloted Aircraft System (RPAS), also known as drone,
together with two decades of bi-annual tree censuses for 2 ha of old growth forest in the
Central Amazon. We delineated all crowns visible in the imagery and linked each crown to a
tagged stem through field work. Canopy trees constituted 40% of the 1244 inventoried trees
with diameter at breast height (DBH) > 10 cm, and accounted for ~70% of aboveground car-
bon stocks and wood productivity. The probability of being in the canopy increased logisti-
cally with tree diameter, passing through 50% at 23.5 cm DBH. Diameter growth was on
average twice as large in canopy trees as in understory trees. Growth rates were unrelated
to diameter in canopy trees and positively related to diameter in understory trees, consistent
with the idea that light availability increases with diameter in the understory but not the can-
opy. The whole stand size distribution was best fit by a Weibull distribution, whereas the sep-
arate size distributions of understory trees or canopy trees > 25 cm DBH were equally well
fit by exponential and Weibull distributions, consistent with mechanistic forest models. The
identification and field mapping of crowns seen in a high resolution orthomosaic revealed
new patterns in the structure and dynamics of trees of canopy vs. understory at this site,
demonstrating the value of traditional tree censuses with drone remote sensing.
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Introduction

Scientists have long sought to understand tropical forest structure and dynamics—the abun-
dances of trees of different sizes and canopy positions, and their growth and mortality rates [1].
Whether trees are in the canopy (i.e., directly exposed to overhead light) or not has long been
recognized as a critical determinant of tree performance [2-6]. However, the tall canopy height
and dense understory of many tropical forests often make it difficult to establish whether an
individual tree is in the canopy or in the understory, because it is hard to see the tops of crowns
and assess their light exposure from the ground. Cameras mounted on drones, technically
called remotely piloted aircraft systems (RPAS), produce high spatial resolution images with
pixel size < 5cm that enable the visualization of individual tree crowns [7-12]. Thus, the inte-
gration of RPAS remote sensing and ground-based data provides the opportunity for the exact
determination of canopy status to be linked with information on tree diameter, growth, etc.,
thereby enabling new insights into the structure and dynamics of tropical forests.

Remote sensing provides increasing amounts of information about tropical forests includ-
ing phenology, photosynthesis, and functional composition, but the signal in many types of
data is largely determined by canopy trees [13-16]. In contrast, ground-based plot data include
both canopy and understory trees. Thus, a key issue in linking and integrating ground-based
and remote sensing datasets is understanding which trees are in the canopy, and their role in
the forest. In particular, what proportion of trees of different sizes are in the canopy, and what
are their contribution to forest carbon stocks and woody productivity? It is well-known that
larger trees are more likely to be in the canopy, that larger trees contribute disproportionately
to forest carbon stocks, and that woody productivity increases with tree size and light exposure
[17-25]. But few studies have quantified how canopy position varies with tree size and growth
rates or how canopy trees contribute to growth rates and carbon stocks and fluxes. A rare
exception is work combining airborne imagery and ground-based data for the old-growth
moist tropical forest of Barro Colorado Island, Panama, to evaluate the canopy status of indi-
vidual trees, quantify the proportion of trees in the canopy, and compare diameter growth of
canopy and understory trees [26, 27].

Forest carbon stocks and productivity are closely related with tree size distributions, a fun-
damental attribute of forest structure [28-30]. Whole-forest tree size distributions can be
understood as the sum of size distributions of understory and canopy trees, which are shaped
by different processes [31]. However, to date, tests of theories explaining tree size distributions
have been conducted exclusively at the level of the whole stand, without distinguishing
between canopy and understory trees [32-36]. Metabolic ecology derives a power function
tree size distribution from arguments regarding the scaling of metabolic rates with diameter,
and specifically predicts that the diameter distribution follows a power function with exponent
-2,i.e,, N ~ D-2, for N trees of D diameter [32, 33]. Demographic equilibrium derives tree size
distributions from the von Foerster equation and empirical relationships for growth and mor-
tality with size, and predicts that diameter distributions will be better fit by Weibull and Quasi-
Weibull functions [34-36]. In contrast, the more mechanistic approach of Farrior et al. [31]
predicts that canopy trees will follow an exponential distribution whereas understory trees will
follow a power function. The approach of Farrior et al. [31] parallels the structure of vegetation
demographic models, taking into account multiple size-classes and light environments [37].

In this study, we use the combination of images collected with digital camera mounted on
RPAS and detailed field mapping of tree crowns to determine the canopy status of individual
trees and link this information to forest inventory data in an old-growth forest near Manaus,
Brazil in the Central Amazon. We thus determine the proportions, growth rates and size distri-
butions of canopy and understory trees, as well as the contributions of canopy and understory
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trees to total biomass and wood productivity. We specifically addressed the following ques-
tions: (i) What is the proportion of trees in the canopy and how does this vary with diameter?
(ii) How do growth rates differ between canopy and understory trees, and how does that differ-
ence vary with diameter? (iii) What are the relative contributions of canopy and understory
trees to aboveground biomass carbon stocks and aboveground wood productivity? (iv) What
are the forms of size distributions of canopy trees and understory trees, how do they differ
from each other and from whole-forest size distributions, and how do they fit with competing
theories?

Materials and methods
Study site

The study was carried out in the northernmost 1020 m of a North-South Transect Plot that
is located in the Estacio Experimental de Silvicultura Tropical (EEST ZF-2) of the Instituto
Nacional de Pesquisas da Amazonia (INPA) (Fig 1), a research reserve with 21,000 ha. The
area is covered by old-growth terra-firme forest, characterized by a closed canopy with high
tree species diversity and a dense understory [38, 39]. The North-South and East-West
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Fig 1. Map of the study area. (a) The EEST-ZF-2 study site is located 50 km north of Manaus, Brazil. (b) The North-South and
East-West Transect Plots are permanent plots of 20 x 2500 m each. (c) The RPAS overflight covered the first 1020 m of the NS plot,
which includes representation of plateau, slope and valley areas. Landsat-8 (a, b) and SRTM (c) images courtesy of the U.S.
Geological Survey.

https://doi.org/10.1371/journal.pone.0243079.9001
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Transect Plots are permanent inventory plots that were installed in 1996 by the Jacaranda Proj-
ect (a collaboration between INPA and Japan International Cooperation Agency, JICA) with
dimensions of 20 x 2500 m each, totaling 10 ha. These transect plots were designed to repre-
sentatively sample the dominant undulating topography of the region, which encompasses pla-
teau, slope and valley positions and associated forest structural and functional differences (Fig
1b). The transects were subdivided into 20 m x 20 m subplots (125 for each transect) and the
forest dynamics (growth, recruitment, mortality) was monitored with repeat censuses of trees
with DBH > 10 cm (S1 File). Censuses were performed in 1996, 2000, 2002, 2004, 2006, 2008,
2010, 2011, 2013 and 2015, for a total of 10 inventories between 1996 and 2015, inclusive (S2
and S3 Files). The availability of ~two decades of bi-annual tree censuses and the proximity
from the road (Fig 1) enabled the accomplishment of the present study in this plot.

Image acquisition and processing

Digital RGB camera imaging with an RPAS was performed on the northernmost 1020 m of the
North-South transect, covering 51 20 m x 20 m subplots, in April 2016 (Fig 1c). We employed
a DJI Phantom 2 with an RGB camera mounted on a three-axis gimbal. We replaced the stan-
dard GoPro lens with a lens having a 5.5 mm focal length and 60° Field of View (FOV). The
resulting photos have a resolution of 12 Mp with dimensions of 4000 x 3000 pixels. The flight
was made at 80 m above ground, speed of 4 m.s "' and spacing between flight lines of 10 m.
Photos were taken every 1 second, covering an area of ~60 m wide at the height of the canopy.
The minimum longitudinal and side overlap were 88% and 78%, respectively, in areas of peak
canopy height on ridges; overlap was larger in areas with lower canopy height and in slope and
valley areas.

We processed photos using the photogrammetry software Agisoft Photoscan (https://www.
agisoft.com, v.1.3.0), which aligned the photos using the Scale Invariant Feature Transforma-
tion (SIFT) algorithm [40] and produced a point cloud model based on overlap among photos
(because the camera was not integrated with the RPAS, GPS coordinates of the flight were not
automatically assigned to photos). We georeferenced this model using as reference an Air-
borne Laser Scanning (ALS) dataset from the North-South Transect plot. We selected 15 con-
trol points evenly distributed across the flight area and extracted the XYZ coordinates (UTM
—Universal Transverse Mercator projection Zone 20S, WGS84 horizontal datum). The con-
trol points were the center of crowns and palm trees, and the solar panels of two towers of the
AmazonFACE project located in the plot, all well visible in both ALS data and photos. Geore-
ferencing accuracy was assessed in terms of the Root Mean Square Error (RMSE) reported by
the software. We then generated a 3D point cloud, a digital elevation model (DEM) and a 2 cm
spatial resolution orthomosaic (e.g., Fig 2; 54 File) using Agisoft Photoscan.

Crown delineation and linkage to tagged trees

Crowns visible in the orthomosaic were associated with tagged trees through field work,
enabling us to link almost two decades of bi-annual forest dynamics data with detailed crown
characteristics for the first time at this site. Maps with the orthomosaic were printed for each
20 m x 20 m subplot and crowns visible in the image were identified in the field, with reference
to the forest inventory data on individual tree DBH, species identity, and tag number. We
started delineating the crowns of trees with the biggest trunk diameters, looking from the base
to the top and identifying the whole boundary of each crown. We drew the tree crowns bound-
aries on the map with their respective tag numbers. We then delineated the crowns of the
smaller trees, identifying the neighboring trees which had crowns surrounding the biggest
crowns. This in situ delineation of crowns allowed us to perceive that in some cases branches
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Fig 2. Orthomosaic image showing canopy tree crowns mapped in the field. Numbers in red are the assigned tree
tags; the black lines correspond to the limits of each 20 m x 20 m subplots.

https://doi.org/10.1371/journal.pone.0243079.9002

of the same tree, but located in different heights and positions, had different colors in the
orthomosaic, such that examination of the imagery alone would suggest they belong to differ-
ent individuals. After the field work, all the crowns were vectorized in GIS, with the creation
of polygons to represent each crown (Fig 2; S5 File). We used the orthomosaic as the reference
and vectorized the polygons using the same projected coordinate system. Finally, we returned
to the field to address some questions that arose during the vectorization of crowns, and
thereby minimize errors in the linkages of delineated crowns with forest inventory data.

Data analysis

Defining canopy status. For the purposes of this study, canopy trees were defined as
those directly exposed to overhead light; other trees were classified as understory trees (as in
Bohlman [27]). Specifically, trees were classified as being in the canopy if their crowns were
totally or partially visible in the orthomosaic, and had a visible crown diameter greater than ~
1.5 m. We note that some trees classified as canopy trees under this definition may have most
of their crowns shaded and only a small part of the crown in direct light, and that small trees
can be classed as canopy trees if they do not have larger trees above them. We also note that
some trees classified as understory trees under this definition may received direct lateral light
for part of the day.

Canopy status by size. We calculated the proportions of trees that were in the canopy
(exposed) or understory (non-exposed) for each 10 cm wide diameter class, and for all trees
combined. Confidence intervals on these proportions were obtained from 1000 bootstraps
over the 20 m x 20 m subplots. To quantify size-dependence of canopy status, we conducted a

PLOS ONE | https://doi.org/10.1371/journal.pone.0243079 December 10, 2020 5/16


https://doi.org/10.1371/journal.pone.0243079.g002
https://doi.org/10.1371/journal.pone.0243079

PLOS ONE Integrating drone imagery and forest inventory: contributions to forest structure and dynamics

logistic regression of canopy status against stem diameter (Eq 1):

_ 1
1 4 e(a+by)

f) (1)

where @ and b are parameters, x is the independent variable DBH in cm, and e is natural expo-
nential basis.

Growth. We calculated the mean annual increment (MAI) of each tree from DBH mea-
surements taken from 1996 to 2015 (1996, 2000, 2002, 2004, 2006, 2008, 2010, 2011, 2013,
2015). Specifically, we calculated the mean growth rate of each tree as the slope (b) of the
regression of DBH against time. We included only trees that had at least four DBH measure-
ments (i.e., trees that recruited in 2010 or earlier). We compared MAI distributions between
canopy and understory trees using the Levene variance test and the Student’s t-test. We con-
ducted log-log regressions of MAI against DBH, fitting separate functions for canopy and
understory trees. Because negative and zero growth values cannot be included in log-log
regressions, we replaced all negative MAI (16 trees) with half of the smallest positive MAI
value for this analysis.

Predicting canopy status. We fitted logistic regressions for canopy status as a function of
DBH alone, MAI alone, and DBH and MAI combined. We evaluated the classification accu-
racy of canopy/understory status based on the fitted functions (i.e., classifying trees as canopy
or understory based on whether the predicted canopy probability was greater or smaller than
0.5, respectively) by calculating the Kappa concordance index and the global accuracy derived
from the confusion matrix [41].

Contribution of canopy trees to carbon and above ground wood productivity. We esti-
mated the above ground carbon stock of each tree using the biomass equation and water and
carbon contents of Silva [42]:

AGB = 2.2737DBH"""*(n = 494, R* = 0.85, uncertainty = 8.4%) (2)

AGC = AGB(1 — WC)CC (3)

where AGB is the fresh above ground biomass in kg, DBH is the diameter at breast height in
cm; AGC is the above ground carbon in kg, WC is the water content (here 0.408) and CC is the
carbon content (here 0.485) [43]. We then calculated the proportional contribution of canopy
trees to total estimated aboveground carbon.

We calculated the wood productivity (kg C.yr™") of each tree and of the stand as a whole,
and the proportional contribution of canopy trees, using two approaches. In the first approach,
we calculated growth for 2011-2015 using observed DBHs for those years. In the second
approach, we estimated DBH in 2011 and 2015 using the equation fit to the entire DBH time
series from 1996 to 2015, thus effectively using average growth over that entire time period. In
both cases, the observed or estimated DBHs in 2011 and 2015 were combined with Eqs 2 and 3
to estimate AGC on both dates, and their difference was used to calculate woody productivity
in kg C.yr’". Note that the first approach has the advantage that growth is closer in time to the
canopy status measurements, but the disadvantage that individual measurement errors have
more influence (in particular, some trees exhibited negative productivity).

Tree size distributions. We quantified the size distributions for all trees, canopy trees,
and understory trees. In each case, we fit three alternative probability distributions—
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exponential, power, and Weibull (Eqs 4-6)-using maximum likelihood [44, 45]:

flx) = de (4)

f0=3() ©

where A and k are fitted parameters, x is DBH in cm, and e is the natural exponential basis.
Trees were first binned in 1 cm classes from Dmin = 11 cm to Dmax = 117 cm (the 10-11 cm
size class was omitted from analysis because of inconsistencies in measurements associated
with the lower size cutoff at 10 cm). For maximum likelihood estimation, the PDFs were nor-
malized to sum to one over the focal diameter range, 11-117 cm. The maximum likelihood
estimates of the parameters were those that maximized the likelihood function (Eq 7):

L= ZNi log[F(x,,,.;) — F(x,,,,)] (7)

where the summation is over the size class intervals i, N; is the number of trees in size class i,
F(x) is the cumulative probability distribution of f{x), x,,,4x; and x,,;,,; are the minimum and
maximum DBH in size class 7, and thus the quantity in square brackets is the total probability
an individual is in size class i under the candidate parameters and probability density function.
We used Akaike’s Information Criterion (AIC) to compare the goodness of fits of the different
functions [46]. We obtained 95% confidence intervals on parameters from 1000 bootstraps
over the 20 x 20 m subplots.

Results

Of the 1244 trees with DBH > 10 cm in the first 51 subplots of the NS Transect Plot, 40% (498
trees) were in the canopy, with at least parts of their crowns exposed and visible in the image.
This represents a density of 249 canopy trees per ha. The proportion of trees in the canopy
increased with diameter from 21% for trees 10-20 cm to 57% for 20-30 cm, up to 100% for
trees above 70 cm (Fig 3, S1 Table). Logistic regression provided a reasonably good fit to the
proportion of trees in the canopy (Fig 3). The fitted equation predicts that a tree 23.5 cm DBH
has 50% probability of being in the canopy (Fig 3).

Growth of canopy trees averaged 2.34 mm.year™' (CI 0.18 mm.year "), just twice that of
understory trees, which averaged 1.18 mm.year™! (CI 0.07 mm.year™'; n = 484 and 696 trees,
respectively; S1 Fig). Canopy and understory trees differed significantly in mean growth rates
(t-test, p<0.001), and in the variances of growth rates (Levene variance test, p<0.001). Growth
rates were approximately a power function of diameter for understory trees, and were not sig-
nificantly related to diameter in canopy trees (Fig 4a and 4b). At small diameters, canopy trees
had much higher growth rates than understory trees; this difference decreased with increasing
diameter (Fig 4c).

The probability of a tree being in the canopy was reasonably well-predicted from DBH, and
somewhat better predicted using DBH and prior growth (MAI) in combination (Table 1).
Growth alone was not as good a predictor as DBH. The fitted logistic regression based on MAI
alone crossed 50% probability of canopy status at 2.2 mm.year ' (S2 Fig).

Canopy trees accounted for a disproportionately large share of carbon stocks and fluxes.
Though canopy trees were only 40% of all trees greater than 10 cm DBH, they accounted for
67% of the total above ground carbon stocks. In terms of wood productivity, we estimated that
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Fig 3. Proportions of trees in the canopy. Observed proportions of trees in the canopy in each 10 cm DBH class
(green points), together with the fitted logistic regression (solid green line). Dashed vertical bars give 95% confidence
intervals from bootstrapping over subplots.

https://doi.org/10.1371/journal.pone.0243079.9003
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Fig 4. Relationship of diameter growth with DBH for understory and canopy trees. Fitted lines are linear regressions of log-transformed data, with solid
lines indicating that the slope is significantly different from zero, and dashed lines that it is not.

https://doi.org/10.1371/journal.pone.0243079.g004

Table 1. Model coefficients and fit statistics for logistic regressions and associated classifications of canopy status
of individual trees based on DBH, growth (MAI) or both combined.

DBH only Growth only DBH and Growth
Intercept (a) -3.276 -1.413 -3.723
DBH (b;) 0.140 NA 0.124
Growth (b,) NA 0.658 0.457
Overall accuracy 0.764 0.681 0.790
Kappa 0.492 0.299 0.553
https://doi.org/10.1371/journal.pone.0243079.t001
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canopy trees contributed 75% when using growth data for the last 4 years alone, and 68% of
wood productivity when using growth data for the entire previous 19-year period.

The size distribution of canopy trees differed from those of understory trees, and both dis-
tributions differed from those of all trees combined (Fig 5; S4 Fig). Among the tested models,
the best fit for all individuals was the Weibull distribution (Fig 5a and 5¢; Table 2). The best fit
for the understory trees was the exponential distribution, with the Weibull producing an
almost equally good fit (Fig 5a and 5¢; Table 2; S4 Fig). The canopy tree size distribution was
unimodal (Fig 5b and 5d) and poorly fit by the exponential distribution (S3 Fig). Because trees
with DBH > 25 cm had more than 50% probability of being in the canopy (Fig 3), we took a
DBH of 25 cm as a logical threshold diameter for separately fitting canopy trees. The size dis-
tribution of canopy trees with DBH > 25 cm was best fit by the exponential function, with the
Weibull producing a similarly good fit (Fig 5b and 5d; Table 2; S4 Fig).

a b
— 60 7 It — All Weibull 2 —— Canopy Exponential
‘_I' —— Understory Exponential 3 1 00
E O  Canopy o
401 0
. 64 °
-~ o
< 4
g .
% 20 1
2 2-
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Fig 5. Observed size distributions of understory trees, canopy trees, and both combined. Size distributions of all 1244 trees with DBH > 10 cm (black
points), understory trees (gray points), and canopy trees (green circles), shown together with best-fit probability density functions (lines). Distributions are
shown on both linear (top) and log (bottom) scales. The vertical dashed black line indicates the minimum diameter (25 cm) for inclusion in the canopy tree
fits. The Weibull distribution (Eq 6) had the best fit for all individuals combined; the exponential distribution (Eq 4) had the best fit for understory trees as
well as for canopy trees with DBH > 25 cm. Whereas data are graphed here for 10-cm size classes for visualization purposes, fits were carried out using
1-cm size classes (parameter values in Table 2).

https://doi.org/10.1371/journal.pone.0243079.9005
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Table 2. Parameter values and delta AIC values for maximum likelihood fits of exponential, power and Weibull probability density functions to size distributions
for all trees, understory trees, canopy trees, and canopy trees > 25 cm DBH.

Group Distribution A (95% CI) k (95% CI) Delta AIC

All Exponential 0.091 (0.085-0.097) 5.50
All Power 2.539 (2.438-2.639) 77.26
All Weibull 7.299 (4.914-9.762) 0.805 (0.691-0.925) 0.00
Understory Exponential 0.165 (0.154-0.180) 0.00
Understory Power 3.558 (3.410-3.741) 37.82
Understory Weibull 4.206 (2.500-7.349) 0.851 (0.704-1.128) 0.54
Canopy Exponential 0.056 (0.051-0.061) 39.49
Canopy Power 1.734 (1.623-1.856) 167.64
Canopy Weibull 27.082 (24.241-29.531) 1.641 (1.416-1.880) 0.00
Canopy>25 Exponential 0.078 (0.070-0.086) 0.00
Canopy>25 Power 3.451 (3.197-3.745) 18.91
Canopy>25 Weibull 17.531 (5.528-27.771) 1.19 (0.716-1.796) 1.28

Delta AIC is the difference in AIC from the best model. The best-fit models for each dataset, and those within 2 delta AIC of the best model, are highlighted in bold.

https://doi.org/10.1371/journal.pone.0243079.1002

Discussion

Our integration of high resolution drone imagery and forest inventory data enabled us to
define canopy positions of individual trees, and quantify structural and dynamic contribu-
tions of canopy and understory trees in this old-growth tropical forest in Central Amazonia.
We found that canopy trees constituted 40% of trees with DBH > 10 cm and accounted for
~70% of carbon stocks and wood productivity. Diameter growth of canopy trees was on
average twice as large as that of understory trees, and was size-independent in canopy trees.
The size distribution of canopy trees differed markedly from that of understory trees and
from the whole-forest size distribution; distributions of understory trees and of canopy trees
with DBH > 25 cm were well fit by the exponential functions, whereas the whole-forest
distribution was much better fit by a Weibull. These findings contributed to improve the
understanding of the structure and dynamics of trees with similar light environments in
tropical forests.

The probability of being in the canopy increased logistically with tree diameter, passing
through 50% at 23.5 cm DBH. Overall there were 249 trees.ha™ in the canopy, 40% of
trees > 10 cm DBH at our study site. We know of only one comparable study, of old-growth
moist tropical forest on Barro Colorado Island (BCI), Panama, where there were 215 trees.ha™!
in the canopy in 2015, constituting 50% of trees > 10 cm DBH, and where the probability of
being in the canopy reached 50% at less than 20 cm DBH [26, 27]. Our site also has a substan-
tially higher density of trees overall, with 622 trees > 10 cm per hectare, compared with 430 for
BCI [47]. Thus, our site has a somewhat higher density of canopy trees, and a much higher den-
sity of understory trees (373 vs. 215 trees.ha™!), consistent with the presence of trees of larger
sizes in BCI [48]. The observed proportions of trees in the canopy for different tree size classes
at BCI matched those predicted by the perfect plasticity approximation (PPA) when run at the
scale of 31.25 m width subplots [26]. The PPA algorithm “fills” the canopy layer crown by
crown starting from the tallest trees (the canopy is full when the summed crown area of canopy
trees equals or exceeds the area of the relevant subplot). Investigating the proportion of trees in
the canopy per species or genus should bring more information on forest structure heterogene-
ity. At BCI, the proportion of gap-dependent species was higher in the canopy than the under-
story and increased with tree size, while the proportion of shade-tolerant species was smaller
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in the canopy and decreased with tree size [27]. Future studies should evaluate if the PPA

can explain differences in the numbers and sizes of canopy trees among forests such as those
between our site and BCI and explore differences in species and functional group compositions
between canopy and understory. Expanding this approach for larger areas and other forest
types would increase the understanding of the general proportion of trees occupying the canopy
in relation to tree size, contributing to predictions of forest structure from satellite imagery.

Light availability is one factor that directly influences tree growth in tropical forests. In this
study we found that growth of canopy trees was on average twice as large as that of understory
trees. Similarly, a previous study of BCI found that diameter increment was 2.6 times larger
in canopy trees than in understory trees [26]. Other studies showed a positive relationship
of diameter growth with crown exposure as assessed by ground-based observers [17, 19-21].
We found that canopy trees did not show an increase in growth with diameter, consistent with
all of them having high light exposure regardless of size. The positive relationship of growth
with diameter in understory trees suggests that light availability increases with size within the
understory. This implies that the general increase in growth with diameter across all trees com-
bined is due to increasing average light with diameter [35].

Higher light availability and thus higher growth rates for canopy trees translate into a high
proportion of stand-level woody productivity, here an estimated 68-75%. The higher estimate
of wood productivity based on growth in the most recent 4 years is likely to be a more accurate
representation of the true proportion of woody productivity in the canopy than the lower esti-
mate based on average growth over the entire 19-year period. Because canopy status changes
over time, measurements of growth closer in time to the canopy status assessments are more
likely to be of trees in the same canopy status. In contrast, further back in time canopy status is
increasingly likely to be different, which will decrease growth differences of trees classified as
canopy versus understory. Thus, basing calculations only on the most recent 4 years leads to
higher growth estimates for canopy versus understory trees, and a higher proportion of wood
productivity in the canopy. In this study, we revealed the contributions of canopy and under-
story trees to carbon stocks and wood productivity, and at our knowledge we are the first
study discussing this topic.

The differences in the size structure of canopy and understory trees observed in this study
enable quantitative tests of previously presented theoretical models. Farrior et al. [31] devel-
oped a mechanistic model for the emergence of understory and canopy size distributions
based on space-filling competition. Their model predicts that within individual patches,
understory trees follow a power function and canopy trees follow an exponential distribution.
Combining size distributions for patches of different ages under the assumption of a constant
rate of patch disturbance results in predictions for the whole-forest size distributions. The
overall predicted size distribution of smaller (mostly understory) trees is close to a power func-
tion (straight line on a log-log scale), whereas that of the larger (mostly canopy) trees is close
to exponential (curving below a straight line in a J shape on a log-log scale). This is consistent
with the size distribution observed here: if we take 25 cm as our empirically observed threshold
diameter at which 50% of trees are in the canopy as a cutoff, the size distribution for smaller
trees is close to a straight line on log-log scales, whereas for larger trees it is J-shaped (Fig 5¢).
Also consistent with Farrior et al. [31], the best-fit size distribution for canopy trees > 25 cm is
the exponential distribution. The good fit of the Weibull to the whole-forest size distribution
is also consistent with demographic equilibrium theory [34, 36, 49]. In contrast, the observed
stand-level size distribution was inconsistent with metabolic theory, as the power function was
a poor fit, and the best-fit power exponent was significantly different from -2.

In conducting the field work linking crowns to tagged stems, we observed a number of dis-
tinct strategies by which trees increased their access to light, strategies that would not have
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been apparent from either the drone-acquired imagery or the ground field work alone. We
observed that some individuals extend long branches beneath the crowns of other trees to
reach a gap in which they produce a second set of leaves. From the orthomosaic image alone,
these would appear to be two separate crowns belonging to different individuals, highlighting
the importance of the field work. Other trees lean sharply such that their crowns are strongly
displaced from the rooting points of their trunks. Many small trees emerge from underneath
the crowns of larger trees, and a substantial number of trees with DBH less than 10 cm are
exposed to direct sunlight. These observations corroborate other studies of the plasticity of
crowns [50, 51] and light as a highly influential factor in forest dynamics [17, 36]. It is impor-
tant to note that many trees that have crowns within the plot have their trunks outside of the
plot, and vice versa. This causes misinterpretation among the relationships of forest inventory
data and remote sensing. Essentially this is an edge effect problem, with more severe errors for
smaller plots [52].

Conclusion

The identification and field mapping of crowns seen in a high resolution orthomosaic revealed
new patterns in the structure and dynamics of trees occupying different light environments

in this Amazonian forest. In this study, we were able to determine canopy status of individual
trees, and thereby quantify the proportion of trees in canopy and understory in relation to tree
size, the contributions of canopy and understory trees to carbon stocks and wood productivity,
and differences in stem growth and size distributions between canopy and understory trees. Less
than half of the trees with DBH > 10 cm were in the canopy, but they were disproportionately
larger trees and accounted for ~70% of carbon stocks and wood productivity. Diameter growth
rates of canopy trees were unrelated to diameter, suggesting that the general increase in growth
with diameter is due to greater light exposure for larger trees. The size distributions of under-
story and canopy trees were consistent with mechanistic models based on steady state emerging
from local competition. Thus, this study demonstrates how the combination of high-resolution
aerial imagery and ground-based field work has great potential to improve our understanding of
the structure and dynamics of old-growth tropical forests having dense understories.

Supporting information

$1 Table. Number and proportion of trees in the canopy by 10 cm diameter class.
(DOCX)

S1 Fig. Mean diameter growth rates of individual trees in relation to their DBH and can-
opy status. The dashed and dash-dot lines show the mean growth rates of 2.34 and 1.18 mm.
year " for the canopy and understory groups, respectively.

(TIF)

S2 Fig. Probability to occupy the canopy status. Canopy status in relation to DBH (a) and
MAI (b) for individual trees (points), together with fitted logistic regressions (lines). The fitted
lines cross 50% for at DBH of 23.5 cm and MAI of 2.2 mm.year .

(TIF)

S3 Fig. Exponential fit for canopy trees. Observed size distribution of canopy trees (green cir-
cles) together with the exponential fit probability density functions (green line). The x-axis is
the stem diameter class in cm, on a linear scale; the y-axis is the frequency of individuals per
hectare per 1-cm size class.

(TTF)
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S4 Fig. Exponential, power and Weibull fits for all, understory and canopy trees. All 1244
trees with DBH > 10 cm (black points), understory trees (gray points), and canopy trees (green
circles), shown together with fit probability density functions (lines). Distributions are shown on
linear (top) and log (bottom) scales. The vertical dashed black line indicates the minimum diam-
eter (25 cm) for inclusion in the canopy tree fits. The Weibull distribution (Eq 6) had the best fit
for all individuals combined; the exponential distribution (Eq 4) had the best fit for understory
trees as well as for canopy trees with DBH > 25 cm (solid lines). The other fits are shown by
dashed and dotted lines. Whereas data are graphed here for 10-cm size classes for visualization
purposes, fits were carried out using 1-cm size classes (parameter values in Table 2).

(TIF)

S1 File. Shapefile of transect NS subplots.
(Z1P)

S2 File. Table containing forest inventory and crown delineation data.
(CSV)

S3 File. Metadata explaining the S2 File contents.
(TXT)

$4 File. Orthomosaic image resized to 50 cm spatial resolution.
(TIF)

S5 File. Shapefile of crown delineation polygons.
(ZIP)

Acknowledgments

We gratefully acknowledge logistical support by the staff of the INPA Laboratorio de Manejo
Florestal. We thank the project Monitoramento Ambiental por Satélite no Bioma Amazonia
(MSA)—Subprojeto 7 for the ALS data. We also thank Camille Piponiot for helping with the
manuscript submission. KC Cushman, Evan Gora, Teja Kattenborn and one anonymous
reviewer provided helpful comments on earlier versions of this manuscript.

Author Contributions

Conceptualization: Raquel Fernandes Araujo, Jeffrey Q. Chambers, Carlos Henrique Souza
Celes.

Data curation: Adriano J. N. Lima, Niro Higuchi.

Formal analysis: Raquel Fernandes Araujo, Carlos Henrique Souza Celes, Helene C. Muller-
Landau, Fabiano Emmert, Gabriel H. P. M. Ribeiro.

Methodology: Raquel Fernandes Araujo, Jeffrey Q. Chambers, Carlos Henrique Souza Celes,
Helene C. Muller-Landau, Ana Paula Ferreira dos Santos, Fabiano Emmert, Gabriel H. P.
M. Ribeiro, Bruno Oliva Gimenez, Niro Higuchi.

Software: Moacir A. A. Campos.
Writing - original draft: Raquel Fernandes Araujo.

Writing - review & editing: Raquel Fernandes Araujo, Jeffrey Q. Chambers, Carlos Henrique
Souza Celes, Helene C. Muller-Landau, Ana Paula Ferreira dos Santos, Fabiano Emmert,
Gabriel H. P. M. Ribeiro, Bruno Oliva Gimenez.

PLOS ONE | https://doi.org/10.1371/journal.pone.0243079 December 10, 2020 13/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243079.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243079.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243079.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243079.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243079.s009
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0243079.s010
https://www.funcate.org.br/msa/projetos/mudanca-de-uso-da-terra/
https://doi.org/10.1371/journal.pone.0243079

PLOS ONE

Integrating drone imagery and forest inventory: contributions to forest structure and dynamics

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

Shugart HH, Saatchi S, Hall FG. Importance of structure and its measurement in quantifying function of
forest ecosystems. J Geophys Res. 2010; 115: GOOE13. https://doi.org/10.1029/2009JG000993

Kohyama T. Size-structured tree populations in gap-dynamic forest—the forest architecture hypothesis
for the stable coexistence of species. J Ecol. 1993; 81: 131-143. https://doi.org/10.2307/2261230

Kabakoff RP, Chazdon RL. Effects of canopy species dominance on understorey light availability in
low-elevation secondary forest stands in Costa Rica. J Trop Ecol. 1996; 12: 779-788.

Kitajima K, Mulkey SS, Wright SJ. Variation in crown light utilization characteristics among tropical can-
opy trees. Ann Bot. 2005; 95: 535-547. https://doi.org/10.1093/aob/mci051 PMID: 15585541

Poorter L, Bongers F, Sterck FJ, Wéll H. Beyond the regeneration phase: differentiation of height—light
trajectories among tropical tree species. J Ecol. 2005; 93: 256—267. https://doi.org/10.1111/j.1365-
2745.2004.00956.x

Morton DC, Rubio J, Cook BD, Gastellu-Etchegorry JP, Longo M, Choi H, et al. Amazon forest structure
generates diurnal and seasonal variability in light utilization. Biogeosciences. 2016; 13: 2195-2206.
https://doi.org/10.5194/bg-13-2195-2016

Dandois JP, Ellis EC. High spatial resolution three-dimensional mapping of vegetation spectral dynam-
ics using computer vision. Remote Sens Environ. 2013; 136: 259-276. https://doi.org/10.1016/j.rse.
2013.04.005

Getzin S, Nuske RS, Wiegand K. Using unmanned aerial vehicles (UAV) to quantify spatial gap patterns
in forests. Remote Sens. 2014; 6: 6988—-7004. https://doi.org/10.3390/rs6086988

Suomalainen J, Anders N, Igbal S, Roerink G, Franke J, Wenting P, et al. A lightweight hyperspectral
mapping system and photogrammetric processing chain for unmanned aerial vehicles. Remote Sens.
2014; 6: 11013-11030. https://doi.org/10.3390/rs61111013

Zahawi RA, Dandois JP, Holl KD, Nadwodny D, Reid JL, Ellis EC. Using lightweight unmanned aerial
vehicles to monitor tropical forest recovery. Biol Conserv. 2015; 186: 287—295. https://doi.org/10.1016/j.
biocon.2015.03.031

Park JY, Muller-Landau HC, Lichstein JW, Rifai SW, Dandois JP, Bohiman SA. Quantifying leaf phenol-
ogy of individual trees and species in a tropical forest using unmanned aerial vehicle (UAV) images.
Remote Sens. 2019; 11: 1534.

Kattenborn T, Lopatin J, Forster M, Braun AC, Fassnacht FE. UAV data as alternative to field sampling
to map woody invasive species based on combined Sentinel-1 and Sentinel-2 data. Remote Sens Envi-
ron. 2019; 227: 61-73. https://doi.org/10.1016/j.rse.2019.03.025

Huete AR, Didan K, Shimabukuro YE, Ratana P, Saleska SR, Hutyra LR, et al. Amazon rainforests
green-up with sunlight in dry season. Geophys Res Lett. 2006; 33: 2-5. https://doi.org/10.1029/
2005GL025583

Chambers JQ, Asner GP, Morton DC, Anderson LO, Saatchi SS, Espirito-Santo FDB, et al. Regional
ecosystem structure and function: ecological insights from remote sensing of tropical forests. Trends
Ecol Evol. 2007; 22: 414—-423. https://doi.org/10.1016/j.tree.2007.05.001 PMID: 17493704

Wu J, Albert LP, Lopes AP, Restrepo-Coupe N, Hayek M, Wiedemann KT, et al. Leaf development and
demography explain photosynthetic seasonality in Amazon evergreen forests. Science (80-). 2016;
351: 972-976. https://doi.org/10.1126/science.aad5068 PMID: 26917771

Goncalves NB, Lopes AP, Dalagnol R, Wu J, Pinho DM, Nelson BW. Both near-surface and satellite
remote sensing confirm drought legacy effect on tropical forest leaf phenology after 2015/2016 ENSO
drought. Remote Sens Environ. 2020; 237: 111489. https://doi.org/10.1016/j.rse.2019.111489

Clark DA, Clark DB. Life history diversity of canopy and emergent trees in a neotropical rain forest.pdf.
Ecol Monogr. 1992; 62: 315-344.

Brown IF, Martinelli LA, Thomas WW, Moreira MZ, Cid Ferreira CA, Victoria RA. Uncertainty in the bio-
mass of Amazonian forests: an example from Rondoénia, Brazil. For Ecol Manage. 1995; 75: 175—189.

Parresol BR. Basal area growth for 15 tropical tree species in Puerto Rico. For Ecol Manage. 1995; 73:
211-219.

Alder D, Silva JN. An empirical cohort model for management of terra firme forests in the Brazilian Ama-
zon. For Ecol Manage. 2000; 130: 141-157. https://doi.org/10.1016/S0378-1127(99)00196-6

King DA, Davies SJ, Supardi MNN, Tan S. Tree growth is related to light interception and wood density
in two mixed dipterocarp forests of Malaysia. Funct Ecol. 2005; 19: 445-453. https://doi.org/10.1111/.
1365-2435.2005.00982.x

Sheil D, Salim A, Chave J, Vanclay J, Hawthorne WD. lllumination—size relationships of 109 coexisting
tropical forest tree species. J Ecol. 2006; 94: 494-507. https://doi.org/10.1111/j.1365-2745.2006.
01111.x

PLOS ONE | https://doi.org/10.1371/journal.pone.0243079 December 10, 2020 14/16


https://doi.org/10.1029/2009JG000993
https://doi.org/10.2307/2261230
https://doi.org/10.1093/aob/mci051
http://www.ncbi.nlm.nih.gov/pubmed/15585541
https://doi.org/10.1111/j.1365-2745.2004.00956.x
https://doi.org/10.1111/j.1365-2745.2004.00956.x
https://doi.org/10.5194/bg-13-2195-2016
https://doi.org/10.1016/j.rse.2013.04.005
https://doi.org/10.1016/j.rse.2013.04.005
https://doi.org/10.3390/rs6086988
https://doi.org/10.3390/rs61111013
https://doi.org/10.1016/j.biocon.2015.03.031
https://doi.org/10.1016/j.biocon.2015.03.031
https://doi.org/10.1016/j.rse.2019.03.025
https://doi.org/10.1029/2005GL025583
https://doi.org/10.1029/2005GL025583
https://doi.org/10.1016/j.tree.2007.05.001
http://www.ncbi.nlm.nih.gov/pubmed/17493704
https://doi.org/10.1126/science.aad5068
http://www.ncbi.nlm.nih.gov/pubmed/26917771
https://doi.org/10.1016/j.rse.2019.111489
https://doi.org/10.1016/S0378-1127%2899%2900196-6
https://doi.org/10.1111/j.1365-2435.2005.00982.x
https://doi.org/10.1111/j.1365-2435.2005.00982.x
https://doi.org/10.1111/j.1365-2745.2006.01111.x
https://doi.org/10.1111/j.1365-2745.2006.01111.x
https://doi.org/10.1371/journal.pone.0243079

PLOS ONE

Integrating drone imagery and forest inventory: contributions to forest structure and dynamics

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

Bastin JF, Barbier N, Réjou-Méchain M, Fayolle A, Gourlet-Fleury S, Maniatis D, et al. Seeing Central
African forests through their largest trees. Sci Rep. 2015; 5: 13156. https://doi.org/10.1038/srep13156
PMID: 26279193

Lutz JA, Furniss TJ, Johnson DJ, Davies SJ, Allen D, Alonso A, et al. Global importance of large-diame-
ter trees. Glob Ecol Biogeogr. 2018; 27: 849-864. https://doi.org/10.1111/geb.12747

Meakem V, Tepley AJ, Gonzalez-Akre EB, Herrmann V, Muller-Landau HC, Wright SJ, et al. Role of
tree size in moist tropical forest carbon cycling and water deficit responses. New Phytol. 2018; 219:
947-958. https://doi.org/10.1111/nph.14633 PMID: 28585237

Bohlman S, Pacala S. A forest structure model that determines crown layers and partitions growth and
mortality rates for landscape-scale applications of tropical forests. J Ecol. 2012; 100: 508-518. https://
doi.org/10.1111/j.1365-2745.2011.01935.x

Bohlman SA. Species Diversity of Canopy Versus Understory Trees in a Neotropical Forest: Implica-
tions for Forest Structure, Function and Monitoring. Ecosystems. 2015; 18: 658—670. https://doi.org/10.
1007/s10021-015-9854-0

Lai J, Coomes DA, Du X, Hsieh C, Sun I-F, Chao W-C, et al. A general combined model to describe
tree-diameter distributions within subtropical and temperate forest communities. Oikos. 2013; 122:
1636—1642. https://doi.org/10.1111/j.1600-0706.2013.00436.x

Pan 'Y, Birdsey RA, Phillips OL, Jackson RB. The structure, distribution, and biomass of the world’s for-
ests. Annu Rev Ecol Evol Syst. 2013; 44: 593—-622. https://doi.org/10.1146/annurev-ecolsys-110512-
135914

Marvin DC, Asner GP, Knapp DE, Anderson CB, Martin RE, Sinca F, et al. Amazonian landscapes and
the bias in field studies of forest structure and biomass. Proc Natl Acad Sci U S A. 2014; 111: E5224—
E5232. https://doi.org/10.1073/pnas.1412999111 PMID: 25422434

Farrior CE, Bohlman SA, Hubbell S, Pacala SW. Dominance of the suppressed: power-law size struc-
ture in tropical forests. Science (80-). 2016; 351: 155—157. https://doi.org/10.1126/science.aad0592
PMID: 26744402

Enquist BJ, Niklas KJ. Invariant scaling relations across tree-dominated communities. Nature. 2001;
410: 655-660. https://doi.org/10.1038/35070500 PMID: 11287945

West GB, Enquist BJ, Brown JH. A general quantitative theory of forest structure and dynamics. Proc
Natl Acad Sci. 2009; 106: 7040—7045. https://doi.org/10.1073/pnas.0812294106 PMID: 19363160

Muller-Landau HC, Condit RS, Harms KE, Marks CO, Thomas SC, Bunyavejchewin S, et al. Comparing
tropical forest tree size distributions with the predictions of metabolic ecology and equilibrium models.
Ecol Lett. 2006; 9: 1—14. https://doi.org/10.1111/j.1461-0248.2006.00915.x PMID: 16643304

Muller-Landau HC, Condit RS, Thomas SC, Bohiman SA, Bunyavejchewin S, Davies S, et al. Testing
metabolic ecology theory for allometric scaling of tree size, growth and mortality in tropical forests. Ecol
Lett. 2006; 9: 575-588. https://doi.org/10.1111/j.1461-0248.2006.00904.x PMID: 16643303

Stark SC, Enquist BJ, Saleska SR, Leitold V, Schietti J, Longo M, et al. Linking canopy leaf area and
light environments with tree size distributions to explain Amazon forest demography. Ecol Lett. 2015;
18: 636-645. https://doi.org/10.1111/ele.12440 PMID: 25963522

Fisher RA, Koven CD, Anderegg WRL, Christoffersen BO, Dietze MC, Farrior CE, et al. Vegetation
demographics in Earth System Models: a review of progress and priorities. Glob Chang Biol. 2018; 24:
35-54. https://doi.org/10.1111/gcb.13910 PMID: 28921829

de Oliveira AA, Mori SA. A central Amazonian terra firme forest. |. High tree species richness on poor
soils. Biodivers Conserv. 1999; 8: 1219-1244.

da Ribeiro JEL S, Hopkins M, Vicentini A, Sothers C, da Costa MA S, de Brito JM, et al. Flora da
Reserva Ducke: guia de identificagdo das plantas vasculares de uma floresta de terra-firme na Amazo-
nia Central. Manaus: INPA-DFID; 1999.

Lowe DG. Distinctive image features from scale-invariant keypoints. Int J Comput Vis. 2004; 60: 91—
110. https://doi.org/10.1023/B:VIS1.0000029664.99615.94

Congalton RG. A review of assessing the accuracy of classification of remotely sensed data. Remote
Sens Environ. 1991; 37: 35—46. https://doi.org/10.1016/0034-4257(91)90048-B

Silva RP. Alometria, estoque e dindmica da biomassa de florestas primarias e secundarias na regido
de Manaus (AM). INPA. 2007.

Higuchi N, Suwa R, Higuchi FG, Lima AJN, dos Santos J, Noguchi H, et al. Overview of forest carbon
stocks study in Amazonas state, Brazil. Interactions Between Biosphere, Atmosphere and Human Land
Use in the Amazon Basin. Nagy L., Forsberg B., Artaxo P. (eds); 2016. pp. 171-187. https://doi.org/10.
1007/978-3-662-49902-3

Johnson NL, Kotz S, Balakrishnan N. Continuous Univariate Distributions. 2nd ed. New York: John
Wiley & Sons; 1994. https://doi.org/10.2307/1269751

PLOS ONE | https://doi.org/10.1371/journal.pone.0243079 December 10, 2020 15/16


https://doi.org/10.1038/srep13156
http://www.ncbi.nlm.nih.gov/pubmed/26279193
https://doi.org/10.1111/geb.12747
https://doi.org/10.1111/nph.14633
http://www.ncbi.nlm.nih.gov/pubmed/28585237
https://doi.org/10.1111/j.1365-2745.2011.01935.x
https://doi.org/10.1111/j.1365-2745.2011.01935.x
https://doi.org/10.1007/s10021-015-9854-0
https://doi.org/10.1007/s10021-015-9854-0
https://doi.org/10.1111/j.1600-0706.2013.00436.x
https://doi.org/10.1146/annurev-ecolsys-110512-135914
https://doi.org/10.1146/annurev-ecolsys-110512-135914
https://doi.org/10.1073/pnas.1412999111
http://www.ncbi.nlm.nih.gov/pubmed/25422434
https://doi.org/10.1126/science.aad0592
http://www.ncbi.nlm.nih.gov/pubmed/26744402
https://doi.org/10.1038/35070500
http://www.ncbi.nlm.nih.gov/pubmed/11287945
https://doi.org/10.1073/pnas.0812294106
http://www.ncbi.nlm.nih.gov/pubmed/19363160
https://doi.org/10.1111/j.1461-0248.2006.00915.x
http://www.ncbi.nlm.nih.gov/pubmed/16643304
https://doi.org/10.1111/j.1461-0248.2006.00904.x
http://www.ncbi.nlm.nih.gov/pubmed/16643303
https://doi.org/10.1111/ele.12440
http://www.ncbi.nlm.nih.gov/pubmed/25963522
https://doi.org/10.1111/gcb.13910
http://www.ncbi.nlm.nih.gov/pubmed/28921829
https://doi.org/10.1023/B%3AVISI.0000029664.99615.94
https://doi.org/10.1016/0034-4257%2891%2990048-B
https://doi.org/10.1007/978-3-662-49902-3
https://doi.org/10.1007/978-3-662-49902-3
https://doi.org/10.2307/1269751
https://doi.org/10.1371/journal.pone.0243079

PLOS ONE

Integrating drone imagery and forest inventory: contributions to forest structure and dynamics

45.

46.

47.

48.

49.

50.

51.

52.

White EP, Enquist BJ, Green JL. On estimating the exponent of power-law frequency distributions.
Ecology. 2008; 89: 905-912. https://doi.org/10.1890/07-1288.1 PMID: 18481513

Burnham KP, Anderson DR. Model selection and multimodel inference: a practical information-theoretic
approach. 2nd ed. New York: Springer-Verlag New York; 2002. https://doi.org/10.1007/b97636

Rutishauser E, Wright SJ, Condit R, Hubbell SP, Davies SJ, Muller-Landau HC. Testing for changes in
biomass dynamics in large-scale forest datasets. Glob Chang Biol. 2020; 26: 1485—1498. https://doi.
org/10.1111/gcb.14833 PMID: 31498520

Martinez Cano |, Muller-Landau HC, Joseph Wright S, Bohiman SA, Pacala SW. Tropical tree height
and crown allometries for the Barro Colorado Nature Monument, Panama: a comparison of alternative
hierarchical models incorporating interspecific variation in relation to life history traits. Biogeosciences.
2019; 16: 847-862. https://doi.org/10.5194/bg-16-847-2019

Higuchi FG, Siqueira JDP, Lima AJN, Filho AF, Higuchi N. Influéncia do tamanho da parcela na pre-
cisdo da fungdo de distribuicao diamétrica de Weibull na floresta primaria da Amazonia Central. Flor-
esta. 2012; 42: 599-606.

Herwitz SR, Slye RE, Turton SM. Long-term survivorship and crown area dynamics of tropical rain for-
est canopy trees. Ecology. 2000; 81: 585-597.

Strigul N, Pristinski D, Purves D, Dushoff J, Pacala S. Scaling from trees to forests: tractable macro-
scopic equations for forest dynamics. Ecol Monogr. 2008; 78: 523-545.

Mascaro J, Asner GP, Muller-Landau HC, van Breugel M, Hall J, Dahlin K. Controls over aboveground
forest carbon density on Barro Colorado Island, Panama. Biogeosciences. 2011; 8: 1615-1629. https://
doi.org/10.5194/bg-8-1615-2011

PLOS ONE | https://doi.org/10.1371/journal.pone.0243079 December 10, 2020 16/16


https://doi.org/10.1890/07-1288.1
http://www.ncbi.nlm.nih.gov/pubmed/18481513
https://doi.org/10.1007/b97636
https://doi.org/10.1111/gcb.14833
https://doi.org/10.1111/gcb.14833
http://www.ncbi.nlm.nih.gov/pubmed/31498520
https://doi.org/10.5194/bg-16-847-2019
https://doi.org/10.5194/bg-8-1615-2011
https://doi.org/10.5194/bg-8-1615-2011
https://doi.org/10.1371/journal.pone.0243079

