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ABSTRACT

Most of the basal area in Amazon forest is in large trees, many of which are species of interest for forest man-
agement. In forest management these trees are divided into the commercial bole that is harvested for wood
production and the stump and crown that are left in the forest where they decompose and emit CO over a period
of years. Part of the commercial bole is converted to wood products that store carbon according to their dura-
bility. The quantification of these components is difficult due to their size, especially in the case of the crown,
which causes uncertainties in the estimates of biomass and carbon. Our study estimated the aboveground
biomass and carbon of 223 trees and subsequently fit allometric equations to these estimates. Aboveground
biomass was calculated from stem volume, wood density and a biomass expansion factor, while total carbon
stock estimates used carbon content determined in the laboratory. Linear models (log-transformed) were tested
to derive the best-fit allometric model for total aboveground biomass and carbon. The best-fit allometric models
used squared tree diameter, tree height, and wood density for biomass, whereas the best carbon model also used
carbon content. Our models were more efficient in estimating biomass than were frequently used regional and
pan-tropical models. Our equations allow reducing the errors in estimates of forest biomass and carbon stocks, in
addition to allowing estimation of the amount of carbon emitted after harvest, although the other models also
had good fits and can be used according to the criteria of each researcher and the availability of data.

1. Introduction

reservoirs and have an important role in the carbon cycle (Chave et al.,
2014; Fearnside, 2018).

Brazil’s Amazon rainforest provides environmental services or
“regulating” ecosystem services such as maintaining carbon stocks; it
also provides products such as wood (“provisioning” ecosystem services)
(Fearnside, 2003, 2010). Forests are of paramount importance in the
context of global climate change because they are large carbon

Timber harvesting, whether legal or not, results in greenhouse-gas
emissions, including a major effect in both increasing the likelihood of
forest fires and in increasing the intensity and consequent emission
when they occur (Barni et al., 2021). Quantifying these emissions re-
quires reliable estimates of forest biomass. Pantropical allometric
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equations have been developed to estimate the biomass of tropical for-
ests (Chave et al., 2014; Paul et al., 2016); however, although large trees
have disproportionate roles in both the estimates of total biomass and in
the uncertainty surrounding these estimaes, existing equations generally
have few measurements of trees with diameter at breast height (DBH) >
80 cm (DBH is measured 1.30 m above the ground or just above any
buttresses) (Goodman et al., 2014; Romero et al., 2020a). This is espe-
cially so for studies in the Amazon region (Goodman et al., 2014).

In the Amazon region most studies disregard trees < 5 cm in diam-
eter (Chave et al., 2014; Romero et al., 2020b). Estimates for these very
small trees are uncertain due to the abundance and high mortality rate of
trees until they reach the 10 cm diameter class (Fredericksen and Mos-
tacedo, 2000; Goodman et al., 2014; Fredericksen et al., 2000, 2001). It
is possible to fit equations for the biomass of small trees using the
destructive method (total weight of individuals) (Higuchi et al., 1998),
without forgetting that a correction factor for entry and mortality of
individuals of each species must be applied. This is due to the rapid
growth of these trees, and not correcting for these effects can lead to
underestimation or overestimation of the biomass of these trees. This
mortality is due to competition and the felling of large trees during the
harvest stage.

For large trees that are designated as being for conservation purposes
and for standing forests, as in REDD+ projects, equations must be fit for
each type of ecosystem because ecosystems differ in characteristics such
as the abundance of species. For example, Cedrela odorata can be
abundant in some ecosystems and rare or absent in others. Developing
an equation that does not describe this situation can cause either under
or overestimation of stocks. The large trees of commercial species are
measured in forest management projects in Brazil, and they are har-
vested with a minimum cutting diameter at breast height (DBH) is 50 cm
(DBH is measured 1.30 m above the ground or just above any but-
tresses). It is assumed that at this diameter the trees have reached
maturity and that the wood is fully developed for milling and trans-
formation into final products.

Brazilian forest management projects are required to derive their
own equations for the bole volumes of the commerical trees at the
management site after the second year of the harvest cycle (Brazil,
CONAMA, 2009; Romero et al., 2020a, 2020b). These are invariably
multi-species equations, although theoretically the companies could
develop species-specific equations if they wished. However, it would be
prohibitively expensive for the companies to obtain an adequate sample
size for each species to generate reliable species-specific equations. The
same limitation applies to our study, making the best choice a
multi-species equation based on a sample of trees that represents the
abundances of large individuals of the different species at the site.

In the context of climate change, the ability of trees, especially large
ones, to store carbon in the form of biomass contributes to the mitigation
of greenhouse-gas emissions. However, disturbances such as logging and
fire can decrease the forest biomass stock (Fearnside, 2003a, 2003b,
2018; Barni et al., 2021), causing the forest to become a source of
greenhouse-gas emissions (Fearnside, 2018). Quantifying the carbon
stock before and after disturbances represents a necessary step in esti-
mating the amount of carbon emitted to the atmosphere (Fearnside,
2018; Romero et al., 2020a, 2020b). In forest management the com-
mercial bole is removed for wood production and the stump and crown
remain in the forest decomposing (Romero et al., 2021). Estimates of the
amounts and timing of carbon releases from all these components are
needed to reduce uncertainty in global emissions estimates.

Forest management is considered a planned disturbance because it
involves technical and administrative procedures for obtaining permis-
sion to remove raw forest material. As applied in Brazil, commercial
trees with DBH > 50 ¢cm diameter are measured in order to obtain in-
formation on the quantity and quality of forest resources for wood
production (Husch et al., 2003; Romero et al., 2020a, 2020b). The
measurement unit used for management calculations and for log sales is
volume in cubic meters (m®) (Husch et al., 2003; Goodman et al., 2019;
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Romero et al., 2020b, 2021).

The stock potential of managed commercial species can be obtained
from forest inventories that provide the data for estimating volume,
biomass and forest carbon stocks (Husch et al., 2003; Chave et al., 2014;
Vidal et al., 2016). Quantifying these resources requires a rigorous es-
timate of tree and forest stocks (Brown, 1997; Chave et al., 2005; Barni
et al., 2021). The accuracy of this estimate depends not only on tech-
nical, human and financial capacity, but also on methodologies, tools,
information, and data analysis (Brown et al., 1989; Fearnside, 2003a;
Barni et al., 2021). Regression models are used for this, requiring the
fitting of allometric equations to obtain good estimators for biomass and
carbon (Picard et al., 2012; Chave et al., 2014; Vidal et al., 2016;
Romero et al., 2020a). Fitting allometric models to forest data is not a
simple task, and it becomes more complex when fitting regressions with
multiple predictors. This requires refining and standardizing analytical
methods (Picard et al., 2012; Taskinen and Warton, 2013; Sileshi, 2014;
Packard et al., 2014).

Regression estimators are obtained by least squares, maximum
likelihood and non-linear regression methods (Xiao et al., 2011; Guja-
rati and Porter, 2011; Sileshi et al., 2014), which are used to fit allo-
metric equations for volume and biomass (Chave et al., 2014; Goodman
et al., 2014; Vidal et al., 2016; Romero et al., 2020a). Application of
different regression methods can produce different values for allometric
parameters, and consequently different results for forest stocks (Sileshi,
2014). Attention must be paid to the choice of methods and methodol-
ogies in order to avoid errors and inconsistencies in modeling (Seleshi,
2014; Romero et al., 2020a). It is also important to develop local allo-
metric equations because these describe characteristics of the forest for
the climate and relief of the specific areas under study (Baker et al.,
2004; Gujarati and Porter, 2011; Goodman et al., 2014; Romero et al.,
2020a).

Various researchers have described the arboreal physiognomy of
tropical forests by fitting allometric equations (Fernandes et al., 1983;
Higuchi et al., 1998; Nelson et al., 1999; Baker et al., 2004; Nogueira
et al., 2008a; Colpini et al., 2009; Tonini and Borges, 2015; Thaines
et al., 2010; Chave et al., 2014; Vidal et al., 2016). Despite these efforts,
estimates are still inadequate for dealing with the great number of
tropical species, regions and forest types, and this is especially true in the
case of the southwestern Amazon (Fernandes et al., 1983; Baker et al.,
2004; Goodman et al., 2014). Inconsistencies in some models for tropical
forests, the lack of symmetry and the lack of consensus among re-
searchers on established methodologies lead to a range of widely
differing results, even among similar studies (Sileshi, 2014). Models
often underrepresent or fail to include large trees, despite the fact that
trees with DBH > 50 cm contribute about half of the forest’s biomass and
carbon storage (Goodman et al., 2014; Lutz et al., 2018).

Few studies have been dedicated to quantifying biomass and carbon
in managed forests in the southwestern Amazon (Goodman et al., 2014;
Romero et al., 2020a, 2020b). A recent study by Romero et al. (2020a)
used allometric equations for estimating commercial volume, biomass
and carbon in managed areas in the southwestern Amazon with the
purpose of obtaining values of biomass and carbon stored in timber
products. However, the commercial stocks are not the only components
that must be studied when quantifying CO, emissions. The stump and
crown are normally not quantified. Crowns in southwestern Amazonia
represent 44% + 2% of the total aboveground tree biomass (Goodman
etal., 2014). These determine the interception of light, carbon and water
exchange (Goodman et al., 2014; Lutz et al., 2018; Loubota Panzou
et al.,, 2021). Therefore, this component has a direct impact on the
emission estimate. These values must be accounted for to generate in-
formation on the balance of biomass and carbon in areas under man-
agement, especially for the large trees that contribute 50% of the forest’s
biomass and carbon stock (Lutz et al., 2018). The stump and crown emit
CO5 over time (Lutz et al., 2018; Loubota Panzou et al., 2021) and
therefore must be included in the modeling and in fitting of equations to
obtain total estimates of the biomass and carbon in the aboveground
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biomass (Husch et al., 2003; Gujarati and Porter, 2011; Romero et al.,
2020a). In addition, equations to estimate total aboveground biomass
(TAGB) and carbon (TAGC), including the stumps and crowns, are
lackng for large trees. Allometric models for these trees in tropical for-
ests are essential to guarantee accurate estimates and to guide interna-
tional emission-reduction measures. The objective of this study is to
estimate the biomass and carbon stocks in the stumps, commercial logs
and crowns of commercial trees in a forest under management in Brazil’s
state of Acre, providing allometric equations that generate unbaised
estimates of these stocks.

2. Materials and methods
2.1. Data and study area

All tree data in this study were provided by Romero et al. (2020a).
We used 223 commercial boles, representing 20 species, 18 genera and 9
families. These were collected at Fazenda Antimary I and II (9°23'43"’S
and 67° 5850 W) in a 1251 ha area located in the municipality
(county) of Porto Acre, Acre, Brazil, in the southwestern Amazon
(Fig. 1). The vegetation of the southwestern Amazon is classified as terra
firme (unflooded upland) humid forest (Salimon et al., 2011), with a
predominance of dense forest, open forest with presence of bamboo and
open forest with presence palms (Acre, SEMA Secretaria do Meio
Ambiente, 2010; Salimon et al., 2011; Ziccardi et al., 2019). The com-
mercial boles used in this study are from dense forest and open forest
with presence of bamboo.

Absolute and relative values for phytosociological parameters used
to characterize the horizontal structure of the 20 species under study are
presented in Table 1 in order of importance. For each of the 223 trees,
diameter at breast height (d; cm) was measured before the tree was
felled and total height (h) and commercial height (hc; m) and the volume
of each commercial bole (m>) (using the cubing method) was measured
after the tree had been felled, while the basic wood density (p; g cm™>) of
each commercial bole was measured in the laboratory (Table 2)
(Romero et al., 2020a). Basic wood density is oven-dried mass divided
by saturated volume.
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2.2. Biomass and carbon content of the commercial bole

Biomass of the commercial bole (w;) in megagrams (Mg, or metric
tons), was calculated as the product of the volume of the commercial
bole and the basic density of its wood (Chave et al., 2005; Romero et al.,
2020a, 2020b, 2021). The harvested trunks were cut into sections by the
management company to allow them to be transported to a sawmill. We
cut disks approximately 2 cm thick from both ends of the first section
and from the top end of each subsequent section. From each disk we cut
a wedge (similar to a pizza slice) to serve as a sample that represents the
radial variation in the trunk, including the bark. For the analysis of
carbon content, composite samples were prepared for each wedge.
These samples were ground, sieved, and packed in metal capsules. The
samples were then completely incinerated at 1200 °C in a universal
element analyzer, model Vario Micro Cube. Carbon content was ob-
tained by adding the elements and subtracting the ash content.

2.3. Expansion factors used for determining stump and crown stocks

The equation of a cylinder with a radius dyo/2 was used to estimate
the volume of the stump, where dy was the diameter at the cutting height
(0.3 m above the ground or at a height of 0.5 m if the tree had significant
buttresses) (Lima, 1991; Karjalainen and Kellomaki, 1996). Stump
biomass (w;;Mg) was calculated as the product of the volume of the
stump and the basic density of its wood (Romero et al., 2020a).

To estimate crown biomass (w.; Mg) an expansion factor was used,
which was obtained from the relationship between the biomass of the
canopy and the total stem biomass (Goodman et al., 2014; Romero et al.,
2021). Following Goodman et al. (2014), we assumed that 44% (Fig. 2)
of the tree was comprised of branches, leaves and fruits (crown biomass)
and the rest (56%) was composed of the commercial bole and stump,
together termed the “total stem biomass” (FT) (Eq. (1)).

0.44
We = 556 X FT (1)
where:w, = Crown biomass (Mg); 0.44 and 0.56 = Expansion factors

FT = Total stem biomass (sum of stump biomass and biomass of the

commercial bole) (Mg).

Fig. 1. Location of the study area in the southwestern Amazon (municipality of Porto Acre, Acre, Brazil).
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Table 1
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Values of absolute and relative phytosociological parameters for the horizontal structure of species in order of importance (highest VC%): n = Number of individuals,
DA = Absolute density (ind. ha™1), DR% = Relative density (%), DoR% = Relative dominance (%), DoA = Absolute dominance (m?ha™1), VC% = Coverage value (%)

for the 20 tree species of inventoried trees in 1251 ha.

Family Scientific name n DA DR% DoA DoR% VC%
Moraceae Castilla ulei Warb. 37 0.030 16.59 0.015 16.23 16.41
Fabaceae Parkia paraensis Ducke 20 0.016 8.97 0.010 11.00 9.99
Malvaceae Ceiba samauma (Mart.) K. Schum. 22 0.018 9.87 0.009 9.29 9.58
Fabaceae Apuleia leiocarpa (Vogel) J.F. Macbr. 13 0.010 5.83 0.008 8.19 7.01
Fabaceae Schizolobium parahyba var. amazonicum (Huber ex Ducke) Barneby 16 0.013 7.17 0.004 4.32 5.75
Lecythidaceae Eschweilera bracteosa (Poepp. ex O. Berg) Miers 15 0.012 6.73 0.004 4.74 5.73
Lecythidaceae Eschweilera grandiflora (Aubl.) Sandwith 13 0.010 5.83 0.005 5.28 5.55
Fabaceae Dipteryx odorata (Aubl.) Willd. 11 0.009 4.93 0.006 6.17 5.55
Fabaceae Hymenaea courbaril L. 8 0.006 3.59 0.005 4.82 4.20
Combretaceae Terminalia tetraphylla (Aubl.) Gere & Boatwr. 9 0.007 4.04 0.003 3.09 3.56
Fabaceae Copaifera multijuga Hayne 6 0.005 2.69 0.004 3.99 3.34
Euphorbiaceae Hura crepitans L. 6 0.005 2.69 0.004 3.82 3.26
Meliaceae Cedrela odorata L. 8 0.006 3.59 0.003 2.86 3.22
Malvaceae Ceiba pentandra (L.) Gaertn. 4 0.003 1.79 0.004 4.64 3.22
Bignoniaceae Handroanthus serratifolius (Vahl) S. Grose 8 0.006 3.59 0.002 2.08 2.83
Fabaceae Albizia niopoides (Spruce ex Benth.) Burkart 7 0.006 3.14 0.002 2.05 2.59
Anacardiaceae Astronium lecointei Ducke 6 0.005 2.69 0.002 1.67 2.18
Fabaceae Barnebydendron riedelii (Tul.) J.H. Kirkbr. 5 0.004 2.24 0.002 1.99 2.12
Malvaceae Sterculia apetala (Jacq.) H. Karst. 5 0.004 2.24 0.002 1.93 2.09
Moraceae Ficus insipida Willd. 4 0.003 1.79 0.002 1.85 1.82

Total 223 0.178 100 0.09 100 100

Table 2

Descriptive statistics for diameter at breast height (d), commercial height (hc), and basic wood density (p) by species used to estimate volume, biomass, and carbon in a
forest-management area in Acre state, Brazil (Information provided by Romero et al., 2020a). n=number of trees sampled, sd= standard deviation.

Scientific Name n d (cm) hc (m) p(gem™3)

Range Mean (+sd) Range Mean (+sd) Range Mean (+sd)
Handroanthus serratifolius 8 50.9-78 61.8 +9.5 23-28.8 25.7 +£1.62 0.76-0.87 0.82 + 0.04
Terminalia tetraphylla 9 50.4-89.1 70.7 £12.9 21.6-25.9 23.0 £1.61 0.64-0.76 0.69 + 0.04
Hura crepitans 6 74.9-121 96.5 +17.1 14.4-23 19.0 + 3.08 0.27-0.43 0.36 £+ 0.05
Albizia niopoides 7 54.7-79.3 65.8 + 8.1 22.8-24.5 22.8 +£1.30 0.61-0.68 0.64 + 0.03
Apuleia leiocarpa 13 64.3-130.5 957 + 17.6 20.4-27.4 24.8+ 1.87 0.71-0.83 0.77 + 0.03
Barnebydendron riedelii 5 66.8-85.9 77 +£7.6 24.5-28.8 26.5+ 2.18 0.54-0.62 0.57 £ 0.03
Copaifera multijuga 6 78.9-136.9 97.8 +£21.8 21.6-23 22.3 +£0.79 0.47-0.60 0.52 + 0.05
Dipteryx odorata 11 70-123.5 90.4 +16.2 24.5-31 29.2 + 2.50 0.75-0.89 0.80 + 0.04
Hymenaea courbaril 8 66.2-121 93.5+17.6 28.8-31.2 30.6 + 1.68 0.71-0.84 0.76 + 0.04
Parkia paraensis 20 51.2-149.6 86.9 + 27 18.7-29.9 24.8 +2.27 0.38-0.56 0.46 + 0.06
Schizolobium parahyba var. amazonicum 16 50.9-89.1 62.8 +10.8 17.3-27.7 24.4 + 2.55 0.31-0.65 0.48 + 0.08
Eschweilera grandiflora 13 55.4-111.4 76.4 +16.4 25.9-31.7 29.0 +1.94 0.69-0.79 0.73 + 0.03
Ceiba pentandra 4 99.9-149.9 130.2 + 24.4 28.8-33 31.0 £ 1.86 0.27-0.32 0.29 £ 0.03
Ceiba samauma 22 66.5-111.4 78.9 +10.3 14.4-24.6 20.4 + 3.24 0.42-0.65 0.51 + 0.06
Sterculia apetala 5 70-82.8 75.9 £5.3 25.9-28.8 27.6 +1.58 0.31-0.47 0.38 + 0.06
Cedrela odorata 8 57.3-118.1 70.7 £ 20.2 14.4-25 20.0 £ 2.71 0.34-0.47 0.43 £ 0.04
Castilla ulei 37 56.7-121 79.7 £ 15.1 13-21 19.4 + 2.48 0.34-0.48 0.41 + 0.04
Ficus insipida 4 74.8-99.9 82.5 +11.8 18.7-25.9 23.4 +3.19 0.34-0.39 0.35 + 0.03
Astronium lecointei 6 52.6-96.4 62.7 + 16.7 24-31.7 27.4 + 2.88 0.73-0.85 0.82 + 0.05
Eschweilera bracteosa 15 54.1-95.5 68.1 +£10.2 22-28.8 27.0 £ 1.84 0.54-0.72 0.65 + 0.05
Grand total/ Mean + standard deviation 223 50.4-149.9 79.6 £19.8 13-31 24 + 4.26 0.27-0.89 0.56 + 0.16

The aboveground biomass for each individual tree was obtained as
the sum of the stem (stump + commercial bole) and crown biomasses.
Aboveground carbon stock was calculated as the product of the tree’s
biomass and its carbon content (Romero et al., 2020a, 2020b, 2021).

2.4. Models tested

For estimating the aboveground biomass equations, we compared
linear and non-linear models (MBA): Husch (1963); Schumacher and
Hall (1933); Loetsch et al. (1973); Chave et al. (2005) and Romero et al.
(2020a). We also compared combinations of these models. The
following independent variables were used: outside-bark diameter at
1.3 m above the ground (d, in cm), total height (h, in m) and basic wood
density (p, in g crn_3) (Table 3). For carbon estimation, the same vari-
ables were selected as those used for biomass, plus carbon content (¢, in
percent or decigrams kgfl) (Table 4).

2.5. Goodness-of-fit indicators and model-selection criteria

The following goodness-of-fit measures were used to compare the
equations: coefficient of determination (Rz), adjusted coefficient of

determination (ﬁz), root mean square error (RMSE) and mean absolute
deviation (MAD) (Gujarati and Porter, 2011). The estimators used were:

R=1- ZL, <)’[ - §;>227:1(yi -y
R=1- (n— 1)2?:1 (y,- - yi)2(n -p— 1)712;()’:‘ -y

RMSE =
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Fig. 2. Representation of a tree after harvest in the management system.

Table 3
Linear regression models tested to estimate aboveground biomass (w)
content of commercial trees in southwestern Amazonia, Brazil.

N° Model

MBA1 Inw = o+ 1 Ind + ¢

MBA2 Inw=pp+ p1Ind + f2lnp + ¢

MBA3 Inw = fp + 7 Ind®h + foInp + ¢
MBA4 Inw = o + f1 Ind’h + f2Inp + ¢
MBA5 Inw = By + p1 Ind + pzlnh + Bslnp + ¢
MBAG6 Inw = By + p; Ind + palnh + €

Where: f, f1, f> and fi5 are the model parameters and ¢ is the random
error.

Table 4
Linear regression models tested to estimate carbon (c) stock in commercial
trees in southwestern Amazonia, Brazil.

N° Model

MCA1 Inc=po+ f1Ind + ¢

MCA2 Inc =po+ p11nd + p2Inp + &

MCA3 Inc = o + 71 Ind®h + po Inp + ¢

MCA4 Inc = fp + 1 Ind + polnh + ¢

MCAS5 Inc = o + p1 Ind + polnh + fslnp + &

MCA6 Inc = fo + p1lnd + polnh + Bslnp + pylnt + €
MCA7 Inc = o + pilnd®h + folnp + pslnt + ¢
MCA8 Inc = fo + p1Ind®h + Palnpt + ¢

Where: fo, f1, P2, f3 and B4 are the model parameters and ¢ is the random
error.

n

MAD =n"" Z

i=1

Yi—§i‘

Where:
yi= ith observed value of dependent variable y (w or c).

9,: ith predicted value of dependent variable y (w or c).

¥y = arithmetic mean of the dependent variable.

n = number of cases of variable y.

p = number of parameters.

To compare models we used the original units of measurement. For

this, transformations of the logarithmic (In) models were carried out by
applying a correction factor in order to remove the bias of the pre-
dictions made with log-transformed values; the value of the correction
factor is always greater than 1 (Chave et al., 2005). The correction factor
(CF) is CF = e0-SRMSE,

The best equations for volume, biomass and carbon were selected
using the Akaike information criterion, AIC = —2InL + 2p, where L is the
maximum value of the likelihood function for the adjusted model and p
is number of parameters in the model (Akaike, 1974).

3. Results
3.1. Biomass and carbon content

Aboveground biomass represents 100% of the tree components:
stump, commercial bole and crown (Fig. 2). On average, the percentage
of the aboveground biomass represented by the stump was 1.37%, and
the commercial bole represented 54.6% of the aboveground biomass. Of
this percentage, 45.4% (stump and crown) remains in the management
system and 54.6% is removed in the form of the commercial log for
wood production (Fig. 2). The carbon content (t) for twenty species in
ten families ranged from 45.0 to 52.5%, with mean + standard deviation
of 49.9 + 1.66% (Supplementary Material, Annex 1).

3.2. Stocks in tree components and equations generated for aboveground
biomass of individual trees

Tree biomass varied substantially, with a mean of 6.63 + 4.97 Mg,
ranging from 3.13 to 16.14 Mg (Supplementary Material, Annex 2). The
species with the highest percentage of the total biomass was Dipteryx
odorata (12%) and the lowest was Ficus insipida (1.3%) (Supplementary
Material, Annex 2). The relations between diameter at breast height and
observed biomass for individual trees of the different species are shown
in Fig. 3.

Six biomass equations were estimated. The six log-transformed
equations all had significant regression coefficients at the 0.001 prob-
ability level. The residuals of the logarithmic equations were normally
distributed (Supplementary Material, Annex 4 and Fig. 4). The MBA3
and MBAS5 log-transformed equations (Table 5) had the best coefficients
of determination (0.856 and 0.857, respectively) and adjusted co-
efficients of determination (0.855 and 0.855, respectively). These
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Fig. 3. Scatter plot of diameter at breast height (d) versus observed biomass by species for 223 individual trees in twenty species sampled in a managed forest area in

Acre state, Brazil.

equations also had the lowest values of RMSE (1.890 and 1.088,
respectively), MAD (1.089 and 1.086, respectively) and AIC (921.26 and
922.33, respectively). Because differences between the goodness-of-fit
indicators were small between the equations, the AIC was decisive in
choosing MBA3 as the best-fit model with the fewest regression co-
efficients (parsimony): Table 5 and Fig. 4 (graph 3).

When we regressed total aboveground biomass of trees (TAGB = lnw;
Mg) against the product d?h * p, we found the best- model with the best
fit to be MBA3 (Eq. (1)):

Inw = — 7.86305 + 0.85876 * Ind*h + 0.97441 % Inp + ¢

(Adj.R* =0.855, RMSE = 1.890, MAD = 1.089, AIC = 921.96, CF = 1.023)
(€]

wheredisincm, hisinm,andpising cm®. This model performed well.

3.3. Stocks in tree components and equations for carbon stock in
individual trees

The average carbon stored per species was 3.33 + 2.55 MgC, with a
range from 1.61 to 8.33 MgC. The species that contributed most to
carbon storage were Dipteryx odorata, Apuleia leiocarpa and Eschweilera
grandifiora, totaling 33.5% of the carbon present in the 20 species
(Supplementary Material, Annex 3). The relations between diameter at
breast height and observed carbon for individual trees of the different
species are shown in Fig. 5.

Six of the eight estimated equations had all their regression co-
efficients significant at the 0.001 probability level (Table 6). The re-
siduals of the log-transformed equations were normally distributed
(Supplementary Material, Annex 5 and Fig. 6). While MCA6 and MC7

equations showed good fit statistics, equation MCA8 had the best values
for coefficient of determination (Rz), adjusted coefficient of determi-
nation (Adj. RZ), RMSE, MAD and AIC: Table 6 and Fig. 6 (graph 8). In
addition, MCAS8 included interactions of variables (d and h, p and t) and
represented a more parsimonious and consistent equation when
compared with the other linear models we tested.

When we regressed total aboveground carbon (TAGC = Inc; MgC) in
individual trees against the product d?h * pt, we found the best-fit model
to be MBAS (Eq. (2)):

Inc = — 7.87424 + 0.85854 * Ind*h + 0.97750 % Inpt + &

(Adj.R* =0.857, RMSE = 0.961, MAD = 0.548, AIC = 620.34, CF = 1.023)
(2)

wheredisincm, hisinm, pisin g em® and tis in percent or decigrams
kg~ . This model performed well.

4. Discussion
4.1. Models for biomass

For biomass the log-linear equations (MBA2 to MBAS5) can be used to
predict the relationships between biomass and d, h (generic variables)
and p (a specific variable) (Picard et al., 2012; Chave et al., 2014). Wood
density is included as an explanatory variable in biomass models
(Niklas, 1995; Overman et al., 1994; West et al., 1999; Nelson et al.,
1999; Feldpausch et al., 2011, 2012; Chave et al., 2014, Vidal et al.,
2016) due to its variation among taxonomic groups and because varia-
tions depend on vertical and radial shape and on biogeography (Baker
et al., 2004; Chave et al., 2009; Nogueira et al., 2008a; Vidal et al.,
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Fig. 4. Linear models (Models 1-6) for estimating aboveground biomass for twenty tree species sampled in a managed forest area in Acre state, Brazil: observed
versus estimated values and the parameters that were fit for each equation.
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Table 5
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Parameter estimates for 10 tested models of biomass (*** = p-value < 0.001), coefficient of determination (R?), adjusted R2 (Adj. R?), root mean square error (RMSE),
mean absolute deviation (MAD), Akaike information criterion (AIC), and correction factor (CF).

Parameter estimates

No Model R? Adj.R> RMSE MAD AIC CF 7o 7 A s

MBAI  lnw=f+ f;Ind + ¢ 0.364  0.361 3.971 2733 125198 1.126482  -5.9158* 1.7458* - -

MBA2 lnw = o+ f;Ind + pzlnp + ¢ 0.785  0.783 2315  1.530 101232 1.012.315  -5.92426* 1.93367***  1.30821* -

MBA3  lnw = o+ ff; Ind*h + foInp + ¢ 0.856  0.855 1.890  1.089 921.96  1.023461  -7.86305***  0.85876* 0.97441* -

MBA4  lnw = fo+ f3; Ind*h + ¢ 0.584  0.582 3212 2000 115435 1.06676 -9.04418***  0.90779* - -

MBA5  lnw=fo+ f;Ind + fzlnh + fslnp + ¢ 0.857  0.855 1.888  1.086 92233  1.023555  -7.86037***  1.73180***  0.83960%**  0.98270%**
MBA6  lnw = fio + f3; Ind + fizlnh +¢ 0.617  0.614 3.087 1.863 1136.67 1.059681  -8.89407***  1.50743***  1.29014%** -

Where: /A}O, /A}l, Ez,and /73 are the intercept and the estimated regression parameters (coefficients of the variables in the order they appear in each equation).

Fig. 5. Scatter plot of diameter at breast height (d) versus observed carbon by species for 223 individual trees in twenty species sampled in a managed forest area in

Acre state, Brazil.

2016). Omission of density can lead to errors in biomass estimates and,
consequently, in the calculation of emissions from deforestation and
forest degradation (Nogueira et al., 2007; Chave et al., 2009; Lima et al.,
2012). These errors have serious consequences for emissions due to the
scale of carbon releases implied by climate and land-use change
(Fearnside, 2018). Among the log-linear equations, the best equation
describing the behavior of aboveground biomass was MBA3 (Table 5),
which had better consistency and was not biased. The goodness-of-fit
tests and selection criteria applied (RMSE, R?, Adj. R?, MAD and AIC)
demonstrate the better consistency of MBA3 (Table 5).

Our best-fit equation for biomass (MBA3: Table 5) underestimated
the biomass of our 223 trees in the southwestern Amazon by 4.69%, a
small value when compared with other equations that have been
generated to estimate aboveground biomass in the Amazon and in
tropical-forests in general. Application of these equations to our 223
trees underestimated or overestimated according to the equation
generated for each region. For example, equations developed for the

central Amazon by Higuchi et al. (1998) underestimated biomass by
27.51%, Nelson et al. (1999) underestimated by 31.36%, da Silva (2007)
overestimated by 35.02% and Lima et al. (2012) overestimated by
29.80% (see Supplementary Material, Table S2). The equation for the
southern Amazon developed by Nogueira et al. (2008a) overestimated
by 16%. In the case of pantropical equations, Chave et al. (2014)
underestimated by 28.68%, Brown (1997) overestimated by 11.17% and
Brown et al. (1989) overestimated 42.38%. The differences among these
values reflect the methodologies used in obtaining biomass as well as
site- and tree-specific effects. The different studies considered trees in
different diameter ranges, some including trees with d as small as 5 cm.
The number of independent variables in the equations range from one to
three; some studies only included d (Brown, 1997; Nogueira et al., 2005,
2008a; Chave et al., 2014) while others had combinations of d and h
(Fernandes et al., 1983; Higuchi et al., 1998; West et al., 1999) and some
equations included d, h and p, as in the cases of Chave et al. (2014) and
our study. Ecological aspects influence the calculation of biomass, such
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Table 6

Trees, Forests and People 9 (2022) 100317

Parameter estimates for eight tested models for carbon stock (**= p-value < 0.01, *** = p-value < 0.001), coefficient of determination (R, adjusted R? (Adj. R?), root
mean square error (RMSE), coefficient of determination (R?), Akaike information criterion (AIC), mean absolute deviation (MAD) and correction factor (CF).

Parameter estimates

No Model R? A;‘lj . RMSE MAD AIC CF /A}O /}1 B B Ba
R

MCA1 Inc=po+ p1lnd + e 0.344  0.342 2.064 1.421 960.23 1.134139  -6.5236*** 1.7256%** - - -

MCA2 Inc=po+piInd+p2lnp 0785  0.782 1.186 0.769 71414 1.046092  -6.53249***  1,92132***  1.36287*** - -
+é&

MCA3  Inc = fip + 1 Ind®h + f, 0.797  0.795 1.150 0.213  700.27 1.039786  -8.71863***  0.87468***  1.09015*** - -
Inp + ¢

MCA4 Inc = fp + f1 Ind + polnh 0.487 0.482 1.830 1.153 907.53 1.086075 -10.8029%** 1.5572%%** 1.5852%** - -
+ €

MCA5  Inc=fp+ p1Ind + f2lnh  0.801  0.798 1.142 0.704 698.17 1.039496  -8.41771***  1.81619***  0.69886 1.14782* -
+ pslnp + & el

MCA6 Inc = fo + p1lnd + pzlnh 0.807 0.804 1.126 0.700 692.98 1.039139 -7.85340%** 1.82712%%** 0.70428%** 1.09413%*** 0.95185*
+ pslnp + p4nt + ¢

MCA7  Inc = fy + pilnd®h + 0.803  0.801 1.135 0.703  690.31  1.039432  -8.15448***  0.88014***  1.03645***  0.95167*
Polnp + psint + &

MCA8  Inc = fip + pilnd®h + 0.804  0.802 1.131 0.703  693.00 1.039253  -8.10849***  0.88063***  1.03101***

Pelnpt + €

Where: fy, /1, fa, B3 and fi, are the intercept and the estimated regression parameters (coefficients of the variables in the order in which they appear in each

equation).

as the structural characteristics of the species. Geographical character-
istics (climate and relief) (Niklas, 1995; Baker et al., 2004; Chave et al.,
2014; Chazdon et al., 2016) vary and affect the development of species,
affecting horizontal and vertical growth (for example, height may be low
or high and the crown may be large or small) (Nogueira et al., 2006;
Feldpausch et al., 2011, 2012; Goodman et al., 2014; Loubota et al.,
2021).

4.2. Models for carbon

Our carbon equations, including the best-fit equation (MCAS8), have
two very large trees that fall below the regression line (Fig. 6). We
considered applying a piecewise regression analysis (Supplementary
Material, Annex 6), but concluded that the single equation (MCAS8) is
better.

In the context of global climate change, estimates of storage of
biomass and carbon are essential inputs for calculating the emissions
balance of a forest that is being managed or that has undergone a human
intervention that results in negative impacts. Inclusion of carbon content
(t) as a predictor variable is important because it provides necessary
information for carbon-stock calculations and for estimates of emissions
caused by the forest management. Our study provides a database and
equations that include carbon content as a predictor for trees that are
over 80 years old, which is a life stage when carbon content is different
from that in the juvenile stage of the same trees (Supplementary Mate-
rial, Annex 1 and Table 6) (Ma et al., 2018). We emphasize that our
equations are best suited for large trees (d > 50 cm), and that using these
equations for smaller trees could result in either under- or over-
estimation. Accurate estimates for large trees are critical both for carbon
stocks and for forest management. Because most allometric equations
for tropical forests are based on large numbers of small trees and very
few large ones, they can produce less-reliable results for the
large-diameter size classes (Supplementary Material, Table S2).

Our best-fit equation for carbon (MCAS8: Table 6) included the
interaction of the predictor variables d and h, and p and t, and the
equation is an allometric model with geometric similarity (Fearnside,
1997; Nogueira et al., 2007, 2008a; Zanne et al., 2009). This equation
allows calculation of the substantial part of the forest carbon stock
represented by trees with d > 50 cm. The importance of MCAS in esti-
mating carbon stocks is the possibility of using it to estimate emissions
caused by deforestation, forest fires and forest degradation in general,
taking account differences in carbon stock between and within species

and taxonomic groups (IPCC, 2006; ter Steege et al., 2013).

The Intergovernmental Panel on Climate Change (IPCC) provides a
default value of 47% to describe the carbon content of dry aboveground
biomass in general (IPCC, 2006). We present species-specific values for
“t” that range from 46.3 + 1.83% to 51.8 + 0.46% for large commercial
trees in the southwestern Amazon (Supplementary Material, Annex 1),
which is important information for calculating CO, emissions in areas
under forest management. The inclusion of carbon content (t) in our
allometric models, together with ongoing research by the scientific
community to create new databases of values for this variable (Ma et al.,
2018; Romero et al., 2020a), will provide more information on the
contribution of this factor in the context of climate change.

4.3. Uncertainties in input parameters

Many allometric equations generated to estimate biomass and car-
bon have inadequate representation of large trees. In addition, the
crown component is usually disregarded.

4.3.1. Tree crowns

The present study lacks direct measurements of crowns. However,
we estimated each crown from the tree’s commercial stem based on the
findings of Goodman et al. (2014), who weighed the crowns and trunks
of 51 trees with d = 11-169 cm, 33 of which had d > 50 c¢m, and found
that the crown represented 44 + 2% (mean =+ sd) of the aboveground
biomass. Their study was also performed in southwestern Amazonia,
which is important because trees are shorter for any given diameter in
this part of Amazonia as compared to eastern and central Amazonia,
where most allometric equations have been derived (Nogueira et al.,
2008a) and crowns represent a larger proportion of aboveground
biomass (Goodman et al., 2014). In central Amazonia crowns have been
found to represent 34.4% (Higuchi et al., 1998) and 30.8% (da Silva,
2007) of aboveground biomass. In southern Amazonia crowns have been
found to represent 39.4% (Nogueira et al., 2008b).

Goodman et al.’s (2014) estimate of 44 + 2% as the canopy per-
centage can be considered to have low variability, with a coefficient of
variation of 4.5%. However, crown depth (the difference between total
height and the length of the stem from the ground to the first branch;
Supplementary Material, Table S1) in our dataset had a mean of 10.56
+ 1.86 m (i.e., a coefficient of variation of 17.6%), which may indicate
greater variability at our site.

The size of the crown as indicated by the crown projection area (the
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Fig. 6. Observed versus estimated values for linear models (Models 1-8) for estimating aboveground carbon for 223 inidvidual trees in twenty species sampled in a
managed forest area in Acre state, Brazil. The equation parameters are shown under each graph.
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area under the perimeter of the crown) is closely correlated with the
volume of the commercial bole, as shown by a study in the Antimary
State Forest very near our study site, where crown dimensions of 146
commercial trees were measured using airborne LiDAR and were related
to commercial-bole volumes measured by the rigorous-cubing method
after felling (Figueiredo et al., 2014). This suggests that our study’s
calculating in the reverse direction (estimating crown biomass based on
bole biomass) is a reasonable approach.

The fact that the 44% value for canopy percentage was derived at a
different location (Puerto Maldonado, Peru), even though also within
southwestern Amazonia, represents an obvious source of uncertainty.
Unfortunately, the magnitude of this uncertainty is unknown. However,
one may consider a maximum difference to be represented by the dif-
ference between the 44% canopy percentage of aboveground biomass in
southwest Amazonia (Goodman et al., 2014) and the 39.4% value from
southern Amazonia (Nogueira et al., 2008b), that is, a difference of
10.5% in the biomass of the crown or a 4.6% difference in the total
aboveground biomass of a tree.

4.3.2. Stumps

The stump has been assumed to be a cylinder with diameter equal to
that at the stump cut (30 cm above the ground or at a height of 50 cm if
the tree had significant buttresses). This has a downward bias from the
fact that the stump is often wider at ground level than at 30 cm height
and has an upward bias from the fact that the circumference of the trunk
is often fluted or otherwise irregular at this height above the ground,
thus making diameter (derived from circumference) overestimate the
true cross-sectional area (Nogueira et al., 2006). Significant buttresses,
however, would not affect the diameter measure, as they are cut off with
a chainsaw before felling in the management area under study.

Despite the possible downward bias from assuming that the stump is
a cylinder, our estimated percentage of biomass in stumps is approxi-
mately double that found in a more complete study of stumps in four
management areas in southern Amazonia (Nogueira et al., 2008b),
where stumps represented 1% of the biomass of the commercial boles in
264 harvested trees. Our finding that 1.37% of the total aboveground
biomass was in stumps is equivalent to stumps representing 2.51% of the
biomass of the commercial boles. Since the 30 cm cutting height in the
management area we studied is lower than normal, the difference may
be even greater in practice. This may be explained by the effect of ir-
regularities in the shape of the stumps. The study in southern Amazonia
by Nogueira et al. (2008b) included corrections for irregularities in the
cross-sectional areas both at the top and the bottom of the stump, and
also included correction for hollows. (Note: in our study no logs were
hollow because such trees were either detected and not felled or were
discarded if found to be hollow). The difference is further increased by
the Nogueira et al. (2008b) study including an adjustment for wood
density, which, on average, was 1.36% higher at the top of the stump as
compared to the density at the DBH (d) measurement height of 1.3 m
above the ground.

5. Conclusions

Allometric equations specific to the southwestern Amazon that
represent the physical and biological characteristics of forests can pro-
vide unbiased estimates of forest volume, biomass and carbon. These
equations include the stump and crown components that are left in areas
under forest management after harvest.

Stump and crown stocks are important in estimating CO» emissions
in areas under forest management. Information on emissions is impor-
tant in decision-making and in the formulation of regulations and
designing of programs to mitigate forest-sector activities. Carbon stocks
in the stump and crown represent a significant percentage of the total
aboveground biomass and cannot be ignored in the estimates.
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1 Annex 1. Descriptive statistics for percent carbon content (t) by species used to estimate aboveground biomass, and carbon in a forest-

2 management area in Acre state, Brazil. n = number of trees sampled, s=standard deviation.

o t(%)

Scientific Name n Range Mean(<s)

Handroanthus serratifolius 8 51.3-52.3 51.8 +0.24
Terminalia tetraphylla 9 49.7-50.1 49.8 £0.09
Hura crepitans 6 47.1-50.4 483+ 151
Albizia niopoides 7 49.1-49.9 49.5+0.25
Apuleia leiocarpa 13 50.8-51.8 51.0+£0.12
Barnebydendron riedelii 5 49-49.9 49.6 £ 0.38
Copaifera multijuga 6 51-51.8 51.5+0.26
Dipteryx odorata 11 51.3-51.9 51.6 £0.14
Hymenaea courbaril 8 50.4-50.8 50.7 £0.11
Parkia paraensis 20 45.5-50.9 46.3 +1.83
Schizolobium parahyba var. amazonicum 16 47.8-50.1 50 +0.58

Eschweilera grandiflora 13 50.2-51 50.5+0.18
Ceiba pentandra 4 48.8-49.9 49.1 £0.56
Ceiba samauma 22 49.3-49.6 49.5+ 0.04
Sterculia apetala 5 50-51.2 50.3+£0.50
Cedrela odorata 8 51.5-51.8 51.6 £0.10
Castilla ulei 37 46.7-50.2 49.9 £ 0.56
Ficus insipida 4 45-46.8 45.7 £0.85
Astronium lecointeli 6 51-52.5 51.8 £ 0.46
Eschweilera bracteosa 15 50.2-50.8 50.5+0.12
Grand total/ Mean + standard deviation 223 45-52.5 49.9 + 1.66




5

6

7

Annex 2. Aboveground biomass stocks per individual of the 20 species evaluated in a forest-management area in Porto Acre, Acre, Brazil

Species n W, W, W, W, %

Albizia niopoides 7 0.07+0.02 231+0.77 187+061 424+x139 201
Apuleia leiocarpa 13 0.17+0.06 7.43+341 597+271 1357+6.17 1193
Astronium lecointel 6 0.08+0.04 291+1.35 2.35+1.09 5.33+2.48 216
Barnebydendron riedelii 5 0.08+0.01 314+098 253+0.78 575x1.77 1.95
Castilla ulei 37 0.06+0.02 179+068 146+055 331+124 8.28
Cedrela odorata 8 0.05+0.04 170+113 138+092 3.13+209 1.69
Ceiba pentandra 4 0.12+0.05 543+114 436x092 991+210 2.68
Ceiba samauma 22 0.08+0.02 269+103 217+082 493+187 7.34
Copaifera multijuga 6 0.12+0.06 550+352 442+281 10.05+£6.39 4.08
Dipteryx odorata 11 0.16 +0.06 8.88+349 7.10£276 16.14+6.28 12.00
Eschweilera bracteosa 15 0.07+£0.02 2.86+0.83 230+0.66 523+150 5.31
Eschweilera grandiflora 13 0.11+0.05 563+£270 450+£216 10.23+£4.91 9.00
Ficus insipida 4 0.06+0.02 264+101 212+080 482+182 1.30
Handroanthus serratifolius 8 0.08+0.02 294+097 237x0.77 539x176 292
Hura crepitans 6 0.08+0.04 242+093 1971076 4.47+173 182
Hymenaea courbaril 8 0.16+£0.06 8.12+3.07 650+246 14.78+559 8.00
Parkia paraensis 20 0.09+£0.06 3.47+1.95 2.80 £ 1.57 6.35+£3.56 8.59
Schizolobium parahyba var. amazonicum 16 0.05+0.02 2.09+£0.55 168+045 381+1.01 4.13
Sterculia apetala 5 0.05+0.01 229+£0.75 1.84 £ 0.59 419135 142
Terminalia tetraphylla 9 0.08+0.03 3.05+137 246%+110 560+249 341
Grand total/ Mean + standard deviation 223 0.09+0.05 3.63+274 292+219 6.63+4.97 100

Where n = number of observations; W, = average stump biomass by species (Mg); W, = average biomass of the commercial bole by species (Mg);

W, = average crown biomass by species (Mg) and w, = average tree biomass by species (Mg).



Annex 3. Carbon stocks per individual in the 20 species evaluated in a forest-management area in Porto Acre, Acre, Brazil

Species n C; Cp C. Ca %
Albizia niopoides 7 0.03+001 114+0.38 0.92+0.30 210+£0.68 1.98
Apuleia leiocarpa 13 0.09+0.03 3.79+£174 305+139 6.93+£3.15 12.13
Astronium lecointei 6 0.04+002 151+0.70 121+056 276+1.28 2.23
Barnebydendron riedelii 5 0.04+0.01 156+049 1264039 2.85%+0.88 1.92
Castilla ulei 37 0.03+0.01 090+0.34 0.73+0.27 166+£0.62 8.26
Cedrela odorata 8 0.03+£0.02 088059 071+047 161+108 1.74
Ceiba pentandra 4 0.06+0.02 267+058 214+047 487+1.07 2.63
Ceiba samauma 22 0.04+001 133+£051 107+041 244+£092 7.23
Copaifera multijuga 6 0.06+0.03 284+181 228+145 518+330 4.19
Dipteryx odorata 11 0.08+0.03 458+180 366+1.42 8331324 1234
Eschweilera bracteosa 15 0.04+£0.01 144+042 116+x033 264%£0.76 5.35
Eschweilera grandiflora 13 005+0.02 284+137 228+1.09 517+248 9.06
Ficus insipida 4 0.03+0.01 132+050 1.06+040 241+091 130
Handroanthus serratifolius 8 0.04+£0.01 153+£050 1.23+040 279+£0.92 3.01
Hura crepitans 6 0.04+0.02 112+052 091+042 207+096 1.68
Hymenaea courbaril 8 0.08+0.03 411+156 330+x125 7.49+284 8.08
Parkia paraensis 20 0.04+003 161+091 130+£0.72 295+1.66 7.96
Schizolobium parahyba var. amazonicum 16 0.02+0.01 1.05%+028 0.84+022 191+£051 412
Sterculia apetala 5 0.03+0.01 115+0.38 0.93+0.30 211+0.68 1.42
Terminalia tetraphylla 9 0.04+0.01 152+068 123+055 279x1.24 3.38
Grand total/ Mean + standard deviation 223 0.04+003 182+140 146+1.22 3.33+£255 100

Where n = number of observations; ¢; = Average stump biomass by species (Mg); ¢, = Average biomass of the commercial bole by species
(Mg); c.= Average crown biomass by species (Mg) and ¢,= Average tree biomass by species (Mg).



Annex 4. Biomass models 1-4: Residuals vs fitted, Normal quantile-quantile, Scale-location and Residuals vs leverage

Linear models for estimating biomass of the commercial bole for twenty tree species sampled in a managed forest area in Acre state, Brazil. B =
biomass (Mg), d = diameter (cm), h = total height (m) and p = basic wood density (g cm?).
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Annex 5. Carbon-stock models 1-5: Residuals vs fitted, Normal quantile-quantile, Scale-location and Residuals vs leverage.

Linear models for estimating carbon in the commercial bole for twenty tree species sampled in a managed forest area in Acre state, Brazil. C =
carbon (Mg), d = diameter (cm), h = total height (m), p = basic wood density (g cm™) and t = carbon content (%).

i) Residuals vs Fitted ii) Normal quantile-quantile (Q-Q) iii) Scale-Location iv) Residuals vs Leverage
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Table S1. Crown depths of 20 species of commercial trees in a managed forest in Acre,

Brazil.

Species N Crown depth

Albizia niopoides 7 10.05 £ 0.57

Apuleia leiocarpa 13 10.92 +0.82

Astronium lecointei 6 12.04 +1.27

Barnebydendron riedelii 5 11.66 £0.96

Buchenavia tetraphylla 9 10.14 £0.71

Castilla ulei 37 8.53+£1.09

Cedrela odorata 8 8.79+1.19

Ceiba pentandra 4 13.62 £0.82

Ceiba samauma 22 8.96 £1.43

Copaifera multijuga 6 9.82+£0.35

Dipteryx odorata 11 12.84 +1.10

Eschweilera bracteosa 15 11.87+0.81

Eschweilera grandiflora 13 12.77 £0.85

Ficus insipida 4 10.30 £ 1.40

Handroanthus serratifolius 8 11.33+0.71

Hura crepitans 6 8.34+£1.35

Hymenaea courbaril 8 13.46 £0.74

Parkia paraensis 20 10.90 + 1.00

Schizolobium parahyba var. amazonicum 16 10.73 £1.12

Sterculia apetala 5 12.17 £0.69

Grand total/ Mean + standard deviation 223 10.56 +1.87




Table S2. Comparison of biomass equations when applied to the 223 trees > 50 cm DBH in our dataset

11

A B D E F G
Biomass equation Equation® Commercial ~ Deviation from Percent Studies in Acre that
study bole biomass  observed value  deviation from used this equation
estimated from [D -] 1,478.75  observed value
equation® (Mg) [E/1,478.75 x
[total for 223 100] (%)
trees] (Mg)
This study In(CBB) = -8.12584+ 0.88042In(dh) + 1.03373In(p) 1,409.41 -69.34 -4.69
Higuchi et al., 1998 FAGB = 0.0009 x (158 x h265 1,072.01 -406.74 2751
Nelson et al., 1999 IN(AGB) = -2.4387 + 2.0751 In(d) + 0.5360 In(h) 1,010.57 -468.18 -31.36
da Silva, 2007 In(AGB) = -2.7988 + 0.991 In(d*h) 1,996.54 +517.79 +35.02
Limaetal., 2012 IN(AGB) = -2.13 + 2.53 In(d) 1,919.38 +440.62 +29.80
Higuchi et al., 2016 PFabg= -2.274 + d*91° 2342.23 +863.48 +58.39
(by da Silva, 2007)
Higuchi et al., 2016 PFabg= -2.718 + d*&" 2352.47 +873.72 +59.08
Nogueiraetal., 2008  In(AGB) =-1.716 + 2.413 x In(d) 1,715.30 +236.55 +16 d'Oliveiraetal., 2012
S. Brown, 1997 AGB =42.69 - 12.800 x d + 1.242 x d? 1643.90 +165.15 +11.17 Salimon et al., 2011
S. Brown et al.,1989 AGB = 34.4703 - 8.0671 x d + 0.6589 x d? 852.10 +626.65 +42.38 I.F. Brown et al., 2009
Chave et al., 2014 AGB = 0.0673 x (pd?h)®-97 1054.62 -424.13 -28.68

(a) AGB = above-ground biomass (Kg); FAGB = Fresh aboveground biomass (conversion to dry weight AGB & CBB based on 43% water
content of forest near Manaus measured by da Silva, 2007); TBB = total bole biomass [including stump] (Kg); d = diameter (cm); | = commercial
bole length (m); h = total height (m) [Note: values from the management company’s 100% inventory]; p = basic wood density (g cm)

(b) Commercial bole biomass estimated, as appropriate, using crown percentage of AGB = 44% from Goodman et al. (2014) and stump to 30 or
50 cm as percentage of CBB = 4.69% from this study.



Annex 6: Piecewise regression for carbon

Table S-3. Piecewise regression for carbon and associated statistics

Parameter estimates

No  Model R2  Adj.R? RMSEMADAIC CF 2o By B,
MCA8 Inc = fo + fuInd?h + falnpt + & 0.804 0.802 1131 0.703693.00 1.039253-8.10849*** 0.88063*** 1.03101***
First line 0.746 0.738  0.614 0.187 129.92 1.033034-6.87077*** 0.73014*** 0.61766***
Second line 0.949 0.898 0.617 0.03312.78 1.001737-7.0822*  0.8970*  2.2267"

Where: B,, Byand B,are the intercept and the estimated regression parameters (coefficients of the variables in the order they appear in each equation).
Significance. Codes: “**** =0.001, ‘*** = 0.01, ‘** =0.05, ‘* =0.1
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