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A B S T R A C T

Tropical forests play a critical role in the global carbon cycle, storing 40–55 % of terrestrial plant carbon and 
significantly contributing to primary productivity. However, uncertainties persist in estimating carbon stocks and 
fluxes, exhibiting variation across the Neotropics, Africa, and Asia tropical forest regions. Despite hosting some of 
the most densely sampled forests, significant uncertainties persist in biomass and forest carbon stock estimates in 
the Neotropics. Although the Southwestern Amazon (SWA) forests span over 20 million hectares, no specific 
biomass or above- and below-ground carbon model has been calibrated for this region thus far. In our study, we 
conducted direct forest inventories in the SWA to address the following question: Do the allometric patterns, 
biomass, and carbon stocks observed in the Southwestern Amazon differ from those found in other regions of the 
Amazon or Pantropical? Our research reveals substantial differences in water and carbon content, biomass 
stocks, above- and below-ground oven-dry biomass ratios, and allometric patterns between SWA forests and 
other Amazonian and Pantropical forests. We have demonstrated that these differences result in overestimations 
of forest biomass when applying allometric equations developed for other Amazonian and Pantropical regions to 
the open forests of Southwestern Amazonia. This overestimation can reach up to 37 % when using equations from 
the eastern Amazon, and between 26 % and 46 % depending on the applied Pantropical equation. The use of an 
inappropriate factor for the root-to-shoot ratio in the Southwestern Amazon (SWA) can lead to overestimates of 
belowground oven-dry biomass by up to 20 %. To reduce uncertainties related to estimates of forest carbon stock 
and flux in Neotropical forests, it is necessary to enhance the density of direct biomass measurements, partic
ularly in southwestern Amazonia.

1. Introduction

Tropical forests play a critical role in the global carbon cycle, storing 
40–55 % of terrestrial plant carbon and significantly contributing to 
primary productivity. (Baccini et al., 2017; Cuni-Sanchez et al., 2021; 
Houghton and Nassikas, 2017; Hubau et al., 2020; Pan et al., 2011). 
However, uncertainties persist in estimating carbon stocks and fluxes, 
exhibiting variation across the Neotropics, Africa, and Asia tropical 

forest regions. (Erb et al., 2018; Mitchard et al., 2013; Reichstein and 
Carvalhais, 2019). Notably, African and Asian tropical forests show 
greater uncertainty in biomass stocks compared to Neotropical regions, 
particularly the Amazon Biome. (Baccini et al., 2012; Erb et al., 2018).

The Neotropics host some of the most densely sampled forests in 
terms of field plots for biomass and carbon stock measurements in 
tropical regions (Araujo et al., 2023; Chave et al., 2014; Malhi et al., 
2013). However, despite this extensive sampling effort, uncertainties 

* Correspondence to: Rodovia BR-307, 2671, Aeroporto Velho, Cruzeiro do Sul, Acre 69980-000, Brazil.
E-mail addresses: willian.flores@ufac.br, willianflores@gmail.com (A.W.F. Melo). 

1 Professional address: Estrada da Canela Fina, KM 12 Gleba Formoso, São Francisco, 69980–000, Cruzeiro do Sul, Acre, Brazil.

Contents lists available at ScienceDirect

Forest Ecology and Management

journal homepage: www.elsevier.com/locate/foreco

https://doi.org/10.1016/j.foreco.2024.122195
Received 13 March 2024; Received in revised form 30 July 2024; Accepted 31 July 2024  

Forest Ecology and Management 570 (2024) 122195 

Available online 23 August 2024 
0378-1127/© 2024 Elsevier B.V. All rights are reserved, including those for text and data mining, AI training, and similar technologies. 

mailto:willian.flores@ufac.br
mailto:willianflores@gmail.com
www.sciencedirect.com/science/journal/03781127
https://www.elsevier.com/locate/foreco
https://doi.org/10.1016/j.foreco.2024.122195
https://doi.org/10.1016/j.foreco.2024.122195
http://crossmark.crossref.org/dialog/?doi=10.1016/j.foreco.2024.122195&domain=pdf


persist in these measurements (Houghton and Nassikas, 2017; Mitchard 
et al., 2014). Baccini et al. (2017), while quantifying the carbon stock in 
Neotropical forests, arrived at an estimate of 91.2±84.2 Pg, with un
certainty accounting for 92 % of the total.

In the Amazon, the largest forest biome in the Neotropics, this 
pattern persists. It underscores the challenge of precisely quantifying 
biomass across different Amazonian forest types (Ometto et al., 2014; 
Tejada et al., 2020). In the Brazilian Amazon, deforestation-related 
emissions range more than three-fold, from 0.06 to 0.21 Pg C yr− 1 

(Lapola et al., 2023), with associated uncertainties of approximately 
±0.11 Pg C yr− 1 (Houghton and Nassikas, 2017).

In addition to other factors, these uncertainties arise from the limited 
availability of destructive samples required to calibrate allometric 
equations capable of capturing the diverse range of environments and 
vegetation types present in the Amazon Biome (Chave et al., 2004; 
Houghton and Nassikas, 2017; Picard et al., 2015; Wayson et al., 2015). 
Despite its importance for global climate, the carbon content of the 
Amazon Forest is based on few in situ measurements that are the basis for 
extrapolations. Most studies that conducted destructive inventories of 
forest biomass in the Amazon to adjust allometric equations focused on 
the central and eastern regions (Araújo et al., 1999; Brown et al., 1995a; 
Chambers et al., 2001; Goodman et al., 2013; Higuchi et al., 1998; 
Imbert and Rollet, 1989; Lescure et al., 1983; Lima et al., 2012; Mack
ensen et al., 2000; Nelson et al., 1999; Nogueira et al., 2008a; Overman 
et al., 1994; Saldarriaga et al., 1988; Silva, 2007; Woortmann et al., 
2018) [see Figure S1 in the supplementary material]. Only three of these 
studies (Lima et al., 2012; Silva, 2007; Woortmann et al., 2018) deter
mined forest below-ground biomass (BGB), and there are no studies of 
this nature in the Southwestern Amazon [see Figure S1 in the supple
mentary material]. Measuring BGB is methodologically challenging, yet 
it is crucial in quantifying total biomass in forest ecosystems (Mokany 
et al., 2006) since it can be used as an estimator of the amount of 
below-ground carbon based on the existing above-ground carbon 
biomass (Schenk and Jackson, 2002). Based on existing references, the 
BGB:AGB ratio can vary significantly, ranging from 0.10 to 0.37, 
depending on the selected source (Houghton et al., 2001; IPCC, 2006; 
Lima et al., 2012; Nogueira et al., 2008a). In Amazonia, the most 
commonly used values are from Nogueira et al. (2008a) — 0.10 for Open 
Forests and 0.31 for Dense Forests — and the IPCC (2006) — a generic 
factor of 0.37 for Tropical Forests.

Other sources of uncertainty stem from the factors used to quantify 
oven-dry biomass and carbon content in forest biomass (Araujo et al., 
2023; Paul et al., 2017). Typically, due to limited studies on this topic, a 
factor of 0.5 or one determined in another region is conventionally used 
to evaluate the ratio of oven-dry biomass to fresh biomass and the 
proportion of carbon relative to oven-dry biomass (Araujo et al., 2023; 
Araújo et al., 1999; Nogueira et al., 2008a; Thomas and Martin, 2012). 
However, small regional variations in this factor may result in either 
overestimation or underestimation of carbon stocks and flux in the 
Amazon (Paul et al., 2017; Picard et al., 2012). In the international 
context, the IPCC (IPCC, 2006) recommends using a generic factor of 
0.47 for converting oven-dry biomass to carbon in Tropical Forests. Silva 
(2007), in a study conducted in the Central Amazon, came to a similar 
value — 0.485. To address this challenge, additional research is needed 
across the gradient of pantropical forests, involving direct measure
ments of these parameters in representative forest samples.

The Amazon basin presents a high diversity of environmental fea
tures such as climate, geology, topography, soil, vegetation, and biodi
versity (Bohlman et al., 2008; Davidson et al., 2012; Laurance et al., 
2010; Pitman et al., 1999; Steege et al., 2013). These multiple factors 
determine the occurrence of unique forest typologies such as the 
bamboo-dominated open forests in the Southwestern Amazon (Carvalho 
et al., 2013; Ferreira, 2014; Griscom and Ashton, 2006), which occupy 
between 15.5 and 16.1 million ha (Carvalho et al., 2013; Dalagnol et al., 
2018). Together with the area occupied by the open forest without 
bamboo dominance (ACRE, 2007), this forest typology extends to more 

than 20 million hectares in the Southwestern Amazon. Nevertheless, 
information is still missing on the structure, dynamics, and carbon stock 
in these types of forests.

The improvement of the accuracy of the forest carbon stock estimate 
also depends on the knowledge of allometric relationships of the groups 
of plant species that compose forests in specific regions of the 
Neotropical Regions (Chave et al., 2014; Lima et al., 2012; Nogueira 
et al., 2008b). Although previous studies have provided direct biomass 
estimates for some areas of the Neotropical forests (Araújo et al., 1999; 
Brown et al., 1995a; Chambers et al., 2001; Chave et al., 2014; Higuchi 
et al., 1998; Lima et al., 2012; Nelson et al., 1999; Nogueira et al., 2008a; 
Silva, 2007), research of this nature is practically absent in the South
western Amazon.

In the context of mitigating the impacts of global climate change in 
tropical forest regions, one of the most important mechanisms is 
Reducing Emissions from Deforestation and Forest Degradation 
(REDD+) (Voigt and Ferreira, 2016). Several national and subnational 
governments have implemented policies and projects to payment for 
environmental services (Duchelle et al., 2018; Lima et al., 2017). Ini
tiatives such as the Global REDD Early Movers (REM) Program, devel
oped by the Governments of Acre and Mato Grosso in Brazil (ACRE, 
2024; FUNBIO, 2024; GIZ, 2024), exemplify this effort. Additionally, the 
private sector, traditional communities, and indigenous peoples have 
implemented projects under the REDD+ and CDM (Clean Development 
Mechanisms) frameworks (Barbosa et al., 2021; Benites-Lazaro et al., 
2018; BIOFÍLICA, 2022; Simonet et al., 2019).

These initiatives require accurate data tailored to local realities, 
primarily to adhere to the principles of MRV (Measurable, Reportable, 
and Verifiable) (Gibbs et al., 2007; Plugge and Koehl, 2012; Vargas 
et al., 2013; Yanai et al., 2020). They also report the level of uncertainty 
associated with emission reduction estimates (Yanai et al., 2020), which 
creates a significant demand for scientific studies at local and regional 
scales to support these efforts. Minimizing uncertainties in estimates of 
carbon stock and flux within tropical forests will enable more accurate 
monitoring of climate change impacts on these ecosystems. Specifically, 
in the context of developing REDD+ projects within jurisdictional 
frameworks or voluntary markets, reducing uncertainties becomes 
essential for precisely assessing the contributions of these mechanisms 
to climate change mitigation.

In this study, we conducted destructive forest inventories in the 
Southwestern Amazon to address the following question: Do the allo
metric patterns, biomass and carbon forest stocks observed in the 
Southwestern Amazon differ from those found in other regions of the 
Amazon or Pantropical? For this purpose, we conducted the following 
analyses: (i) We determined the water and carbon content of forest 
biomass above and below ground and compared the results with studies 
carried out in other regions of the Amazon. (ii) Using our determined 
fractions of forest below-ground biomass (BGB) and above-ground 
biomass (AGB), we conducted analyses to identify the most effective 
method for estimating BGB as a function of AGB. (iii) Allometric equa
tions were adjusted to estimate oven-dry biomass and carbon above and 
below-ground, comparing them to determine the optimal performance. 
(iv) We examined whether the allometric patterns observed in the 
Southwestern Amazon significantly differ from those identified in other 
regions of the Amazon. (v) We assessed the uncertainty related to 
applying allometric equations calibrated for other Amazon regions or 
the pantropical level to the Southwestern Amazon.

2. Material and methods

2.1. Study area

The present study was developed in the Antimary State Forest (ASF), 
located in the eastern region of the state of Acre, Brazil, between the 
municipalities of Rio Branco and Sena Madureira [68◦ 01’ 30” to 68◦ 24’ 
30” W; 9◦ 11’ 00” to 9◦ 25’ 30” S] (Fig. 1). The climate has been 
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classified as Am (Köppen) with average annual temperatures between 
24 ºC and 26 ºC, marked dry (June to August) and rainy (October to 
April) seasons, and total annual precipitation between 2200 and 
2.500 mm (Alvares et al., 2013; Duarte, 2006). The regional climate, 
however, is changing with increasing temperatures and an expanding 
dry season (Marengo et al., 2018). There are four types of vegetation: 
Open Forest with Bamboo, Open Forest with Palm Trees, Alluvial Open 
Forest, and Dense Forest (ACRE, 2007). Deforested area accounts for 
about 12 % of ASF (INPE, 2024). The landscape presents undulating to 
slightly undulating relief and elevations varying from 141 to 250 m (Farr 
et al., 2007). The predominant soils are Oxisols, and Ultisols (Bardales 
et al., 2015; Santos et al., 2018).

2.2. Data collection and processing

We established 20 random 100 m2 (10 ×10 m) plots in the ASF, 10 in 
open rainforest without bamboo and 10 in open rainforest with bamboo 
(Guadua weberbaueri Pilg) (Fig. 1). It’s important to note that due to the 
sampling process being restricted to open forests typical of the South
western Amazon, the application of the allometric equations and the 
factors we developed is limited to this specific forest type. In total, we 
sampled 190 trees (5–90 cm DBH or above the buttresses) from 93 
species or morphospecies (6 individuals were not identified), grouped in 
35 families and 61 genera (see Figure S2 and Table S1 of the supple
mentary material). Sample collection and processing to directly deter
mine forest oven-dry biomass and carbon content was performed in 
seven steps, according to Silva (2007): i. delimitation of plots; ii. forest 
inventory; iii. cutting of understory, palm trees, and lianas; iv. felling of 
trees; v. sectioning and weighing of trees; vi. sample collection to 
determine the oven-dry biomass and carbon; and vii. laboratory analysis 
(see Figure S3 in the supplementary material).

During the forest inventory, we measured and recorded the Diameter 
at Breast Height (DBH, ~1.3 m above ground level or above the but
tresses, when present) of individual trees with diameter ≥ 5 cm, after 
botanic identification. All shrubs with DBH < 5 cm, palm trees, and li
anas were cut and weighed for each plot. Before felling the trees (DAP ≥
5 cm), we measured their crown diameter (m), the volume of bole (m3), 

and the commercial and total height (m). Then, each tree was sectioned 
to determine its fresh biomass within the following compartments: i) 
crown – leaves, small branches (diameter, ∅ < 10 cm), large branches 
(∅ ≥ 10 cm), flowers, and fruits; ii) bole and iii) coarse roots – divided 
into two subgroups: small roots (2 mm ≤ ∅ < 5 cm) and large roots (∅ 
≥ 5 cm) (see Figure S4 in the supplementary material). Fine roots <
2 mm were not collected because they are considered part of soil 
biomass, according to IPCC (IPCC, 2006, p. 4.72). That is the reason why 
we defined a subclass of small roots between ≥ 2 mm and < 5 cm. To 
determine oven-dry biomass and carbon content samples were collected, 
these materials were weighed in the field and subsequently processed in 
the laboratory (as described in 2.3). For leaves, small branches, small 
roots, flowers, and fruit samples of ~1 kg was collected. For large roots 
and boles, discs of constant width of ~3 cm were collected.

2.3. Water and carbon content of forest biomass

To determine the percentage of water and carbon content, the sam
ples from each sectioned compartment (as described in 2.2) of each tree 
were placed into a forced-air ventilation drier at the constant tempera
ture of 65±2 ºC. After ten days, the samples were weighed daily until 
three consecutive equal measures with constant weight were reached 
(Silva, 2007). The oven-dry biomass (Dm) was obtained by subtracting 
the relative weight of water from the fresh biomass (Fm) of each cate
gorized compartment of the tree first. Then we summed the oven-dry 
biomass measures of all compartments to provide the total oven-dry 
biomass of each tree.

Carbon content was determined in the dried samples with constant 
weight. These samples were crushed and sieved down to 0.25 mm, and 
then a subsample was weighed inside a tin capsule. After this, the sub
samples were burned in oxidizing medium and the gases produced from 
this process were split by gas chromatography, purified, and carried by a 
continuous flow of helium to the Carlo Erba EA 1110 elemental analyzer 
coupled to a stable isotope mass spectrometer, Finnigan Delta Plus, 
where the carbon concentration (%) was determined.

We calculated the weighted mean of water content (bole n=190; 
large root n=187; small root n=182; coarse branch n=47; fine branch 

Fig. 1. Localization of the Antimary State Forest (ASF) in the eastern region of the state of Acre, Brazil, 50 km east of the city of Sena Madureira and 110 km 
northwest of Rio Branco. The circles and triangles on the map indicate the precise locations of our 100 m2 (10 ×10 m) sample plots.
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n=182; leaves n=161) and carbon (bole n=174; large root n=173; small 
root n=128; coarse branch n=43; fine branch n=174; leaves n=170) 
[Table 3] in the above-ground, below-ground and total fresh biomass, 
taking into account the content and the contribution of each compart
ment to the total dry weight of the trees.

To determine the oven-dry biomass and carbon content of the 190 
trees, first, we calculated the content per compartment, using data from 
the water and carbon content of each tree, and then, we summed the 
values. When water and/or carbon content was absent for a given 
compartment, we used the mean values of these measures of the 
compartment of the whole samples.

2.4. Relationship of below:above-ground oven-dry biomass

We tested two methods to estimate below-ground forest oven-dry 
biomass (BGB) as a function of above-ground oven-dry biomass (AGB). 
i. we calculated the average BGB:AGB ratio using the following 

expression: BGB : AGB =
∑

⎛

⎜
⎝

BGB
AGB1+

BGB
AGB2+ … + BGB

AGBn
n

⎞

⎟
⎠, where BGB : AGB =

the average ratio of below-ground oven-dry biomass to above-ground 
oven-dry biomass, BGB = below-ground oven-dry biomass for each 
sampled tree, AGB = above-ground oven-dry biomass for each sampled 
tree, and ii. we adjusted linear equations using Model 1 BGB = aAGBb 

and Model 2 BGB = aAGB, according to Lima et al. (2012). To compare 
the results of the two methods employed, we conducted an analysis of 
variance and the Tukey post-hoc test at a 5 % significance level. To 
compare the results obtained from applying the equation adjusted using 
Model 1 with the results obtained by Lima et al. (2012), we used analysis 
of covariance at a 5 % significance level.

2.5. Testing allometric models to estimate oven-dry biomass and carbon in 
trees

Based on previous allometry studies conducted in the Amazon (dos 
Santos, 1996; Higuchi et al., 1998; Lima et al., 2012; Nogueira et al., 
2008a; Silva, 2007), we tested six known models (Models 1–6; Table 1) 
to estimate oven-dry biomass of below-ground, above-ground and total 

tree as functions of diameter at breast height (D), total height (H), and 
commercial or bole height (Hb). For allometric relationships of 
above-ground and total carbon density and tree crown oven-dry biomass 
estimation, Models 1 and 4 (Table 1) were tested.

The criteria adopted to select the models with the best fit were: 
adjusted coefficient of determination (r2); Alaike information criterion – 
AIC (Akaike, 1974), and Bayesian information criterion – BIC (Schwarz, 
1978) to models of the same nature (linear or non-linear); analysis of 
collinearity (VIF – Variance Inflation Factor); relative standard error (Syx 

%), and residual distribution pattern (studentized residuals). We also 
considered the model’s applicability in terms of cost, accuracy, and ease 
of collecting the independent variables in the field.

To adjust the allometric equations, we applied the ordinary least 
square method for Models 4–6 and the non-linear least square method 
for Models 1–3 (Table 1). We applied correction factor CF to reduce bias 
by logarithmic transformation for logarithmic models (Models 4–6; 
Table 1) according to Sprugel (1983): CF = exp(SEE2/2), where SEE is 
the standard error of the estimate. All statistical analyses were con
ducted using the R software (R Core Team, 2023), within the RStudio 
Integrated Development Environment (RStudio Team, 2022).

Table 3 

Weighted water contents relative to the total weight of the tree compartments. Numbers between parenthesis indicate uncertainty calculated by error propagation, 
δQ
/Q/

=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(δa

a

)
+

(
δb
b

)

+ ⋯ +

(
δz
z

)√

for multiplication/division, and δQ =

̅̅̅̅̅̅̅̅̅̅̅

(δa)2
√

+(δb)2
+⋯+(δz)2 for addition. The weighted mean was calculated using the formula Xb 

=

∑
Xipi

∑
pi

, where Xi is the mean water content in each compartment, and pi is the average contribution index of the respective compartment to the total weight of the 

trees.

Tree 
compartments

Content – % 
(± CI) Biomass contribution index (± CI)

Weighted 
content – %a

Fresh biomass water content

Total fresh biomass

Bole 45.2 (±1.0) 0.599 (±0.020) 27.0 (±0.1)
Large roots 48.2 (±1.1) 0.115 (±0.008) 5.6 (±0.1)
Small roots 51.0 (±1.1) 0.028 (±0.008) 1.4 (±0.3)
Coarse branches 45.4 (±1.7) 0.172 (±0.029) 7.8 (±0.2)
Fine branches 50.2 (±1.2) 0.191 (±0.018) 9.6 (±0.1)
Leaves 60.3 (±1.2) 0.039 (±0.005) 2.4 (±0.1)
Weighted mean 47.0 (±0.4)

Above-ground fresh biomass

Bole 45.2 (±1.0) 0.695 (±0.024) 31.4 (±0.1)
Coarse branches 45.4 (±1.7) 0.195 (±0.033) 8.8 (±0.2)
Fine branches 50.2 (±1.2) 0.221 (±0.020) 11.1 (±0.1)
Leaves 60.3 (±1.2) 0.045 (±0.006) 2.7 (±0.1)
Weighted mean 46.8 (±0.3)

Below-ground fresh biomass

Large roots 48.2 (±1.1) 0.831 (±0.026) 40.1 (±0.1)
Small roots 51.0 (±1.1) 0.170 (±0.026) 8.7 (±0.2)
Weighted mean 48.7 (±0.2)

Table 1 
Allometric models were tested to estimate the oven-dry biomass of trees.

ID Models Application

1 DM = aDBHb + εi (0 < a, 0 < b)
Oven-dry biomass, carbon, and 
tree crown

2 DM = aDBHbHc + εi (0 < a, 0 < b, 0 < c) Oven-dry biomass
3 DM = aDBHbHbc + εi (0 < a, 0 < b, 0 < c) Oven-dry biomass

4 ln(DM) = ln(a) + b(LnDBH) + εi (0 < b)
Oven-dry biomass, carbon, and 
tree crown

5
ln(DM) = ln(a) + b(lnDBH) + c(lnH) + εi 

(0 < b, 0 < c) Oven-dry biomass

6
ln(DM) = ln(a) + b(lnDBH) + c(lnHb) + εi 

(0 < b, 0 < c) Oven-dry biomass

Notes: ID = id model; DM = oven-dry biomass (kg); ln = natural logarithm; a, b e c =
coefficient of models; DBH = diameter at breast height (cm, measured at 1.3 m or 
above buttresses); H = tree height (m); Hb = commercial or bole height (m).
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2.6. Patterns of allometric relationship in the Amazon

To compare the allometric patterns of trees across the Amazon, we 
used equations fitted with the data from Araújo et al. (1999) with DBH 
10 – 138 cm [east – EA]; Silva (2007) with DBH 5 – 85 cm [center – CA]; 
Nogueira et al. (2008a) with DBH 5 – 124 cm [south – SA]; and Lima 
et al. (2012) with DBH 5 – 61 cm [northwest – NWA] (Fig. 4) to estimate 
above-ground oven-dry biomass of trees. The equations related to the 
east, center and northwest Amazon were adjusted by Lima et al. (2012), 
using the data from respective bibliographic sources previously 
mentioned, applying the index of water content according to Silva 
(2007), to obtain the oven-dry biomass. All four equations and their 
respective parameters are available in Table S4 of the supplementary 
material. We tested statistical differences between the intercept and the 
slope of the curves resulting from the application of the equations to the 
data with an interval of DBH from 5 to 92.2 cm randomly distributed, 
using a covariance analysis (ANCOVA) and Tukey post-hoc test, both at 
the level of 95 % of confidence. To verify the practical performance of 
the equations for the four Amazonian regions and compare with Equa
tion 5 (Table 5), we applied all the equations to the data from 10 
one-hectare plots forest inventory in the ASF (data from d’Oliveira et al., 
2021).

2.7. Validation of Chave et al.’s (2016) pantropical equations

To assess the uncertainty of a widely used pantropic allometric 
equations at the local scale, we applied Equation 4 [AGBest =

0.673 × (ρD2H)
0.976] and Equation 7 [AGBest =

exp[ − 1.803 − 0.976E+0.976ln(ρ) ] + 2.673ln(D) − 0.0299[ln(D)]2]] of 
Chave et al. (2014) to estimate tree oven-dry biomass (AGB) using the 
diameter (DBH) and height (H) data from our inventory data conducted 
in this study, as well as wood density (ρ) compiled by Chave et al. (2016)
and environmental stress index (E) data from Réjou-Méchain et al. 
(2017). The resulting AGB estimates were compared with the AGB ob
tained in the destructive inventory conducted in this study. In Table 2, 
the parameters used in the validation process of the equation are listed.

All the analyses were performed in the environment of the software R 

(R Core Team, 2023) and BIOMASS package (Réjou-Méchain et al., 
2017).

3. Results

3.1. Water and carbon content of forest biomass

Water content (%)2 varied in the studied tree compartments 
(Table 3). The bole had the lowest water content of 45.2 ± 1.0 (mean ±
CI3; n=190), followed by coarse branch with 45.4 ± 1.6 (n=47), large 
root 48.2 ± 1.1 (n=187), fine branch 50.2 ± 1.2 (n=182), small root 
51.0 ± 1.1 (n=182), leaves 60.3 ± 1.2 (n=161), and flowers/fruits 79.3 
± 9 (n=11) (Table 3).

In general, the mean water content (%) of the fresh biomass of trees 
increased from the base to the extremity in the boles, large roots, and 
coarse branches. In the boles, the water content (%) at the base, middle, 
and top positions differed significantly (p < 0.05; Tukey test), with the 
means of 42.5 ± 1.1, 44.0 ± 1.0 (n=190) and 46.3 ± 1.1 (n=190), 
respectively. In the coarse branches, there were no differences (p > 0.05) 
in the water content (%) among the three sampled positions, and the 
means were 43.8 ± 1.5 (n = 47), 44.6 ± 1.7 (n = 47) and 45.8 ± 2.0 (n 
= 47), at base, middle and top, respectively. In the large roots, there was 
a significant difference (p < 0.05) between the base (46.1 ± 1.3; n=188) 
and the top (50.0 ± 1.2; n=179), while the middle position (48.2 ± 1.1; 
n=179) did not differ from the others (Table 3).

The water content accounted for 47 % ± 2.1 % in the total fresh 
biomass (Table 3). Thus, oven-dry biomass represents 53 % of fresh 
biomass. For above-ground fresh biomass, the weighted water content 
percent was 46.8 % ± 0.9 %, and for below-ground fresh biomass, it was 
48.7 % ± 2.1 % (Table 3).

We found low variability of carbon oven-dry biomass content among 
the tree compartments, although we observed significant differences 

Fig. 4. Comparison of allometric logarithmic equations to estimate oven-dry biomass above ground (AGB) in five localities in the Amazon. Adjusted equations for 
East, Center, and Northwest Amazon were published by Lima et al. (2012). In Fig. 4a, we plotted curves adjusted using allometric equations from various Amazon 
regions, including the one tailored by our study. Fig. 4b illustrates the divergence between equations derived from other Amazon regions and those specifically 
adjusted in our research.

2 Relationship between dry weight – obtained by drying the material in 
greenhouse at 65 ± 2 ºC until the weight become constant – and the fresh 
weight.

3 Average confidence interval – 95 %.
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between the most extreme compartments in the context of the tree 
structure, like fine branches and leaves (see Figure S5 in the supple
mentary material). Boles, large roots, and small roots differed signifi
cantly from fine branch and leaves, while coarse branches did not differ 
from the other compartments (p <0.05; Tukey test; see Figure S5 in the 
supplementary material). The average carbon content (%) of boles was 
44.6 ± 0.2 (mean ± CI; n=174), large roots 44.5 ± 0.2 (n=173), small 
roots 44.7 ± 0.4

(n=128), coarse branches 43.9 ± 4.4 (n=43), fine branches 43.6 ±
0.2 (n=174) and leaves 43.7 ± 0.5 (n=170). Unlike water content, there 
were few variations of carbon content from the base to the top of the 
bole, large root, and coarse branch (see Figure S6 in the supplementary 
material). In the bole, the base and middle differed significantly from the 
top (p <0.05; Tukey test). The weighted mean of the carbon content of 
total, above, and below-ground oven-dry biomass, were 44.3 % ± 0.3, 
44.3 % ± 0.3, and 44.6 % ± 0.2, respectively (Table 4).

Comparing the water content of the fresh biomass in the tree com
partments sampled by Silva (2007) in the Central Amazonia (CA), our 
results indicate higher water content in SWA than the average found in 
the CA. Among the compartments, the greatest difference between Silva 
(2007) and our study was found in the boles, ~ +6.4 %, while to the 
weighted mean of the total fresh mass (above- and below-ground), the 
difference was ~ +5.4 %. Meanwhile, our study found that the carbon 

Table 5 
Coefficients and statistics of the allometric equations (Models 1–6, Table 1) were used to estimate oven-dry biomass and carbon content above ground, below ground, 
crowd, and total in trees. Values in parentheses indicate 95 % confidence intervals. a, b, and c are model coefficients. CF is the correction factor to reduce the bias of log- 
transformation (Sprugel, 1983). AIC is the Akaike Information Criterion (Akaike, 1974). BIC is the Bayesian Information Criterion (Schwarz, 1978). r2 is the adjusted 
coefficient of determination. Syx% is the relative standard error.

Equations a b c N CF AIC BIC r2 Syx%

Tree oven-dry biomass
Below-ground
1 0.009 (±0.006) 2.685 (±0.165) - 190 - 2060 0.901 8.11
2 0.005 (±0.005) 2.515 (±0.232) 0.353 (±0.367) 190 - 2058 0.902 8.05
3 0.003 (±0.003) 2.544 (±0.154) 0.603 (±0.217) 190 - 2033 0.914 7.54
4 − 4.104 (±0.245) 2.457 (±0.095) 190 1.099 226 0.853 9.87
5 − 4.322 (±0.323) 2.319 (±0.164) 0.226 (±0.220) 190 1.097 224 0.846 10.11
6 − 4.112 (±0.248) 2.433 (±0.144) 0.036 (±0.160) 190 1.099 228 0.850 9.97
Above-ground
1 0.064 (±0.022) 2.671 (±0.078) - 190 - 2508 0.977 3.69
2 0.024 (±0.008) 2.333 (±0.081) 0.695 (±0.130) 190 - 2412 0.986 2.86
3 0.040 (±0.014) 2.584 (±0.073) 0.299 (±0.092) 190 - 2472 0.981 3.35
4 − 2.511 (±0.258) 2.593 (±0.100) - 190 1.109 244 0.976 3.72
5 − 3.528 (±0.259) 1.946 (±0.132) 1.059 (±0.177) 190 1.061 140 0.964 4.57
6 − 2.613 (±0.238) 2.273 (±0.137) 0.477 (±0.153) 190 1.090 211 0.953 5.22
Crown
1 0.001 (±0.001) 3.490 (±0.172) - 184 - 2287 0.952 6.72
2 0.001 (±0.001) 3.277 (±0.208) 0.402 (±0.268) 184 - 2280 0.954 6.59
3 0.001 (±0.001) 3.592 (±0.193) − 0.283 (±0.199) 184 - 2281 0.954 6.59
4 − 4.179 (±0.642) 2.664 (±0.250) - 184 1.896 572 0.919 8.72
5 − 5.429 (±0.828) 1.859 (±0.431) 1.306 (±0.583) 184 1.787 555 0.857 11.58
6 − 4.098 (±0.644) 2.925 (±0.375) − 0.387 (±0.417) 184 1.881 570 0.920 8.65
Whole individual
1 0.073 (±0.026) 2.673 (±0.082) - 190 - 2578 0.974 3.89
2 0.029 (±0.011) 2.354 (±0.091) 0.657 (±0.147) 190 - 2507 0.982 3.22
3 0.043 (±0.016) 2.578 (±0.075) 0.333 (±0.096) 190 - 2538 0.979 3.49
4 − 2.310 (±0.230) 2.572 (±0.090) - 190 1.085 199 0.971 4.09
5 − 3.187 (±0.236) 2.015 (±0.118) 0.913 (±0.159) 190 1.050 103 0.957 5.04
6 − 2.397 (±0.213) 2.299 (±0.123) 0.408 (±0.137) 190 1.072 169 0.948 5.52
Tree carbon density
Above-ground
1 0.025 (±0.009) 2.705 (±0.080) - 190 - 2210 0.977 3.73
4 − 3.349 (±0.233) 2.602 (±0.091) - 190 1.113 250 0.976 4.80
Crown
1 0.0003 (±0.0002) 3.552 (±0.179) - 184 - 1999 0.951 6.92
4 − 5.018 (±0.648) 2.668 (±0.252) - 184 1.917 575 0.913 9.16
Whole individual
1 0.029 (±0.009) 2.709 (±0.080) - 190 - 2277 0.975 3.89
4 3.147 (±0.233) 2.582 (±0.091) - 190 1.089 206 0.971 4.20

Table 2 
Parameters used for the validation of the pantropical equations by Chave et al. 
(2014).

ID Parameter Formula

1 Bias Bi = γ̂ i − γi

2 Sum of squared residuals SSR =
∑n

i=1(γ − γ̂)2

3 Total sum of squares TSS =
∑n

i=1(γ − γ)2

4 Coefficient of determination r2 = 1 −
SSR
TSS

5 Adjusted coefficient of determination r2
adj = 1 −

n − 1
n − (k + 1)

×
(
1 − r2)

6 Standard error of the estimate SEE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
(γi − γ̂ i)

2

(n − k)

√

7 Relative standard error
Syx% =

SEE̅̅̅
n

√

γ
× 100

Notes: Bi = Bias; γ = observed value; γ̂ = estimated value; γ = average of 
observed values; SSR = sum of squared residuals; TSS = total sum of square; r2 =

coefficient of determination; r2
adj = adjusted coefficient of determination; n =

total number of observations; k =number of model coefficients; SEE = standard 
error of the estimate; Syx% = relative standard error.
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content of oven-dried biomass differed negatively from Silva (2007) by 
approximately 4.0 % in the bole, 2.5 % in large roots, and 1.0 % in small 
roots. On average, this difference amounted to − 4.2 % for total oven-dry 
biomass.

3.2. Relationship of below:above-ground oven-dry biomass

The mean root-to-shoot (BGB/AGB) ratio in our dataset was 0.167 

±0.017 (mean ± CI; n=190). To estimate BGB as a function of AGB and 

better understand such relation, we fitted two equations: BGB =

0.123( ± 0.046)AGB1.017(±0.050)(r2
adj = 0.933) [Eq. 1] and BGB =

0.143( ± 0.005)AGB(r2
adj = 0.933) [Eq. 2] (Fig. 2). The statistics of the 

resulting equations are in Table S3 of the supplementary material.
Comparing the three approaches of below-ground oven-dry biomass 

estimates (BGB-AGB relationship, application of Eq. 1, and Eq. 2 with 
our data directly determined, we found the following mean divergences, 
− 29±9 %, − 2±8 % and − 11±8 % (mean ± CI95 %), respectively. The 
application of the BGB-AGB relationship differed significantly from the 
applications of the equations 1 and 2 (p <0.01; Tukey test) (see 
Figure S9 of the supplementary material).

Comparing the results of applications to our dataset of Eq. 1 and the 
equation adjusted by Lima et al. (2012) (BGB = 0.125AGB1.020, r2 =

0.928) for the Central and Northern Amazon, we observed significant 
differences in the intercept coefficients (ANCOVA, p = 8.1e-06) and 
slope of the curves (ANCOVA, p = 2.2e-16).

Our determination of the BGB:AGB ratio in trees, as well as the sta
tistical analyses conducted, showed that the best method for deter
mining this ratio was the adjustment of Equations 1 and 2 (Fig. 2 and 
Table S3 of the supplementary material), where the results of the 
application differed significantly from the application of the method of 
the mean ratio between BGB and AGB. Additionally, we found that the 
patterns of the BGB:AGB ratio in the region sampled by this study differ 
from those found in the Central and Northern Amazon by Lima et al. 
(2012) and Silva (2007). Through an analysis of covariance (ANCOVA), 
we detected a significant difference in the slope coefficients of the curves 
of the equations adjusted for the Southwestern Amazon (this study) 
compared to the Central and Northern Amazon (Lima et al., 2012; Silva, 
2007), suggesting that the BGB:AGB ratio is distinct in the forests of 
these two regions.

3.3. Allometric equations to estimate forest oven-dry biomass and carbon

We fitted allometric equations to estimate the oven-dry biomass and 
carbon of trees (both in kg) in the above-ground, below-ground, crown, 
and whole tree, based on the models presented in Table 1. The co
efficients and statistics of the fitted allometric equations are presented in 
Table 5. The oven-dry biomass and carbon content of all trees are 
available in Table S2 of the supplementary material.

To estimate oven-dry biomass, except for below ground, Equation 2 
[DM4 = aDbHc] showed higher r2 (below-ground, 0.902; above-ground, 
0.986; crowd, 0.954; total, 0.982 %) and the lowest value of Syx% 
[relative standard error] (below-ground, 8.05 %; above-ground, 2.86 %; 
crown, 6.59; total, 3.22 %) (Table 5). However, the diameter at breast 
height (DBH) presented a significant correlation with total height – H 
(r=0.85; p=0.02e-14; Pearson) and commercial or bole height – Hb 
(r=0.74; p=0.02e-14; Pearson), suggesting collinearity of these vari
ables when used in the same equation. High collinearity levels lead to 
imprecise parametrization and a decrease in the statistical power of the 
equation (Graham, 2003). Another issue to be considered is the accuracy 
of the tree height measurements in tropical forests. According to Hunter 
et al. (2013), the accuracy of individual tree height measurements varies 
between 3 % and 20 % of the total height. In our study, the bias of the 
tree total height measurements is widely superior to the performance 
gain of prediction with the addition of this variable in an allometric 
equation.

In this context, the best options for practical use are the equations 

Table 4 
Weighted carbon contents relative to the total weight of the tree compartments. 
Numbers between parenthesis indicate uncertainty calculated by error propa

gation, 
δQ
/Q/

=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(δa

a

)
+

(
δb
b

)

+ ⋯ +

(
δz
z

)√

for multiplication/division, and δQ 

=

̅̅̅̅̅̅̅̅̅̅̅

(δa)2
√

+(δb)2
+⋯+(δz)2 for addition. The weighted mean was calculated 

using the formula Xb =

∑
Xipi

∑
pi

, where Xi is the mean water content in each 

compartment, and pi is the average contribution index of the respective 
compartment to the total weight of the trees.

Tree 
compartments

Content – 
% 
(± CI)

Biomass 
contribution index 
(± CI)

Weighted 
content – 
%a

Oven-dry biomass carbon content

Total oven-dry 
biomass

Bole
44.6 
(±0.2) 0.620 (±0.020)

27.7 
(±0.1)

Large roots
44.6 
(±0.2) 0.120 (±0.009) 5.3 (±0.1)

Small roots
44.7 
(±0.4) 0.019 (±0.003) 0.9 (±0.2)

Coarse 
branches

43.9 
(±0.4) 0.166 (±0.029) 7.3 (±0.2)

Fine branches
43.6 
(±0.2) 0.185 (±0.018) 8.1 (±0.1)

Leaves
43.7 
(±0.5) 0.029 (±0.004) 1.3 (±0.1)

Weighted mean
44.3 
(±0.3)

Above-ground 
oven-dry 
biomass

Bole
44.6 
(±0.2) 0.722 (±0.024)

32.2 
(±0.1)

Coarse 
branches

43.9 
(±0.4) 0.187 (±0.033) 8.2 (±0.2)

Fine branches
43.6 
(±0.2) 0.212 (±0.021) 9.3 (±0.1)

Leaves
43.7 
(±0.5) 0.033 (±0.005) 1.5 (±0.1)

Weighted mean
44.3 
(±0.3)

Below-ground 
oven-dry 
biomass

Large roots
44.6 
(±0.2) 0.863 (±0.018)

38.5 
(±0.1)

Small roots
44.7 
(±0.4) 0.150 (±0.022) 6.7 (±0.1)

Weighted mean
44.6 
(±0.2)

Fig. 2. Relationship of below- and above-ground forest oven-dry biomass.

4 DM = Oven-dry Biomass.
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fitted applying the Models 1 [DM = aDBHb] and 4 [ln(DM) = ln(a) +
bLn (DBH)] (Fig. 3). Although with lower performance indicators than 
the other equations, their values of r2 and Syx% are sufficiently high to 
not compromise the prediction capabilities of the equations and provide 
the advantage of easy utilization, given the practicality of DBH mea
surements in the field.

We used Models 1 and 4 (Table 1) to fit allometric equations to es
timate carbon density in the compartments above ground, crown, and 
total for sampled trees (Table 5). Except for the crown compartment, 
which had relative standard errors higher than 5 %, the other equations 
had excellent estimation performance (Table 5).

Considering our comparisons in terms of AIC (Akaike, 1974), BIC 
(Schwarz, 1978), adjusted coefficient of determination (r2), and relative 
standard error (Syx%) for diagnosing the performance of the estimates 
from the adjusted equations, as well as the accuracy and practicality of 
gathering predictors in the field, we recommend Eq. 1 and 4 (Table 5) to 
estimate the oven-dry biomass of trees from the Southwestern Amazon 
(Fig. 2). Nevertheless, it is known that transforming arithmetic data into 
logarithmic data results in biased estimates when inverting the trans
formation of estimated data (Finney, 1941; Smith, 1993). Furthermore, 
log-transformed models predict the geometric mean for the dependent 
variable, instead of the arithmetic mean, producing biased results 
(Packard, 2013). Robust statistical models can be directly fitted to the 
original data by non-linear regression, thus avoiding problems related to 
logarithmic transformation (Packard, 2013). Within this context, it is 
preferable to use Eq. (1) (Table 5), with simple entry and without log
arithmic transformation, to estimate the dry mass and carbon 
below-ground, above-ground, total, and in the canopy of trees.

3.4. Patterns of allometric relationships in the Amazon

Comparing patterns of allometric relationships evidenced in adjusted 
equations to estimate above-ground oven-dry biomass of trees in four 
different regions of the Amazon, East – EA [Araújo et al. (1999); DBH 10 
– 138 cm], Center – CA [Silva (2007); DBHP 5 – 85 cm], South – SA 
[Nogueira et al. (2008a); DBH 5 – 124 cm] and Northwest Amazon – 

NWA [Lima et al. (2012); DBH 5 – 61 cm] (Fig. 4a), with the equation 5 
(Table 5), revealed significant differences in the regression slope (p < 
0.001; ANCOVA). Only the equation fitted in the NWA did not differ 
from the fitted equation in this study, while the others differed both from 
our equation and each other (p < 0.001 Tukey; see Figure S7 of the 
supplementary material). In general, in the EA, CA, and SA, trees with 
similar diameters present higher oven-dry biomass than trees in SWA. 
Applying these equations to the inventory data of 10 one-hectare plots in 
the ASF (d’Oliveira et al., 2021), we verified that EA, CA and SA over
estimated the mean AGB, on 37.1±1.5 %, 13.3±2.1 % and 1.3±3.1 % 
respectively and NWA underestimated AGB means in 1.3±3.1 % (see 
Figure S8 in the supplementary material). For trees with DBH > 30 cm, 
the AGB decreased in the following order: EA > CA > SA > SWA > NWA 
(Fig. 4b).

3.5. Validation of Chave et al.’s (2016) pantropical equations

We estimated above-ground biomass (AGB) using Equations 4 and 7 
from Chave et al. (2014). Our inputs included diameter (DBH) and 
height (H) data obtained from our direct inventory. Additionally, we 
incorporated wood density data (σ) compiled by Chave et al. (2016) and 
environmental stress index (E) data from Réjou-Méchain et al. (2017).

The results were then compared with observed AGB data from our 
study. Verifying the performance of Chave et al.’s (2014) pantropical 
Equation 4, we found a relative standard error (Syx%) of 6.88 % and an 
adjusted coefficient of determination (r2

adj) of 0.92, both excellent in
dicators of model precision. However, Equation 7 exhibited much lower 
performance, with Syx% at 0.89 and r2

adj at 22.73 %. Analyzing the res
idue distribution (Fig. 5), we observed that both equations tend to lin
early overestimate, especially for trees with DBH ≥ 25 cm.

When applied to our observed data set, Equation 4 resulted in an 
average overestimation of approximately 31±8 % for individual trees 
and 26±16 % for total oven-dry biomass in the sampled plots. Equation 
7 presented even more imprecise measurements, with an average 
overestimation of 61±16 % for individual trees and 46±17 % for total 
oven-dry biomass in the sampled plots, approximately twice as high.

Fig. 3. Equations of simple entry to estimate total oven-dry biomass with observed values, predicted values, and confidence interval of 95 %. (a) Simple power 
equation – DMTW = aDBHb + εi. (b) Simple linear logarithmic equation – ln(DMTW) = ln(a) + bln (DBH) + εi.
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4. Discussion

We found significant differences in water content, carbon content, 
BGB:AGB ratio, and allometric relationships in trees between the region 
we sampled and other Amazonian regions sampled by other authors 
(Araújo et al., 1999; Chave et al., 2014; Lima et al., 2012; Nogueira 
et al., 2008a; Silva, 2007). Our results suggest that trees with the same 
physical characteristics such as diameter, height, crown, and root ar
chitecture, possess less amount of oven-dry biomass and carbon content 
in the Southwestern Amazon than in the Central and East Amazon. These 
differences clearly indicate that applying allometric equations devel
oped for other Amazonian regions to the area sampled by this study may 
in a significant overestimation of biomass.

By developing the initial set of allometric equations for the SWA, we 
address a critical gap in biomass (AGB and BGB) estimation for this 
region. This advancement enhances the accuracy of forest biomass and 
carbon estimates, which are essential for regional climate change miti
gation policies. Furthermore, our work improves the precision of the 
emissions estimates avoided by REDD+ projects in the region. In addi
tion, the development of more accurate equations to assess forest 
biomass and carbon stocks, utilizing various techniques and scales 
(Adinugroho et al., 2023; Daba and Soromessa, 2019; Swinfield et al., 
2019), is crucial for ongoing climate change mitigation efforts (Koh 
et al., 2021).

In several studies on forest carbon stock and flux, sources of uncer
tainty are either omitted or inadequately combined in the overall 
calculation of uncertainty associated with the results obtained (Yanai 
et al., 2020). An important source of uncertainty that is often poorly 
reported relates to the allometric equations used to estimate individual 
tree biomass (Henry et al., 2015; Yanai et al., 2020). The selection of 
inappropriate equations can significantly contribute to increasing un
certainty in estimates. In our case, applying equations developed for 
forest profiles considerably different from those of our study area 
resulted in an overestimation of approximately 37 % on average (Araújo 
et al., 1999). Such difference decreased to an underestimation of 
approximately − 1 % when we applied equations developed for regions 
with similar forest patterns (Nogueira et al., 2008a). These differences 
may be related to markedly divergent biomass patterns across the 
Amazon basin in terms of wood density (Baker et al., 2004; Nogueira 
et al., 2007) and tree height (Feldpausch et al., 2011; Nogueira et al., 
2008a).

The total forest biomass can be summarized into three major com
ponents: above-ground Biomass (AGB) (including living trees, shrubs, 

herbs, and large roots lying on the soil surface), Belowground Biomass 
(BGB) (roots ≥ 2 mm, both living and dead, excluding soil organic 
matter), and Dead Above-ground Biomass (DAB) (litter and standing and 
fallen trunks) (Brown et al., 1995a). In our study, when determining 
AGB and BGB, on average, AGB contributes 86 %, and BGB contributes 
14 % to the total weight of sampled trees. Most studies on forest biomass 
(65 %) in the Brazilian Amazon focus on estimating AGB, with only 
16 % estimating BGB (Araujo et al., 2023). The non-inclusion of 
belowground biomass carbon means that global carbon models using 
only above-ground biomass significantly bias estimates of both carbon 
stocks and flux related to Amazon forests.

These components exhibit varying characteristics, including the 
water content of fresh biomass, the carbon content of oven-dry biomass, 
and the BGB:AGB ratio. These factors have conversion coefficients that 
differ across the ecoregions within the tropical forest-covered area. In 
our study, we determined these coefficients to be 0.470, 0.443, and 
0.167, respectively. Currently, tree allometry studies typically present 
their results in terms of oven-dry biomass (Chave et al., 2014; Lima 
et al., 2012; Nogueira et al., 2008b). However, this practice might 
inadvertently convey the impression that conversion factors from fresh 
biomass to oven-dry biomass are no longer significant. Interestingly, 
despite the IPCC (2006) not explicitly listing this factor in its recom
mendations, our research revealed a divergence of approximately +5 % 
between work carried out in the Amazon. Another crucial factor is the 
carbon content of oven-dry biomass. Our findings revealed a divergence 
of approximately − 4 % compared to other references. In the case of the 
BGB:AGB ratio, we encountered the most significant divergence. For 
instance, if we were to apply the factor recommended by the IPCC 
(2006) [0.37] to estimate AGB in the open forests of southwestern 
Amazonia, it could lead to an overestimation of 20 %. Our research 
revealed a conversion factor of 0.167 for this specific context. Failure to 
consider the suitability of these factors for the specific location can 
introduce significant uncertainty into biomass and forest carbon stock 
estimates. This concern is particularly pronounced at finer scales, such 
as in the implementation of REDD+ projects and sub-national emissions 
reporting.

Environmental factors exhibit high variability in tropical forest 
zones, and the density of field inventory plots is notably low. It is esti
mated that these zones have fewer than one sample per 1000 km2, 15 
times less than temperate forests. (Hetzer et al., 2020; Schimel et al., 
2015). Considering only direct inventory samples and using the data 
from Chave et al. (2014) as a reference, the sample density decreases to 
one per 300,000 km2 (Chave et al., 2014; FAO, 2020). This could explain 

Fig. 5. Validation of Pantropical Equations 4 [AGBest = 0.673 × (ρD2H)
0.976] and 7 AGBest = exp[ − 1.803 − 0.976E+0.976ln(ρ) ] +2.673ln(D) − 0.0299[ln(D)]2] by 

Chave et al. (2014), using observed data from this study (n = 188).
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why, during our validation of Pantropical Equations 4 and 6 from Chave 
et al. (2014), based on the data observed in our study, we found a 
substantial overestimation of forest biomass, 26±16 %, and 46±17 % 
for our sample plots, respectively. This finding holds important impli
cations for the effectiveness of REDD+ project development, as these 
equations are among the most employed in this climate change miti
gation mechanism. To generate carbon credits within the scope of 
REDD+ projects, accurate estimates of forest carbon stocks are essential 
(Yanai et al., 2020).

Even in the Amazon, which is one of the most extensively studied 
tropical forests globally, the direct inventory density of forest biomass 
remains remarkably low. A review of the literature revealed 16 studies 
of this nature in the Amazon, representing approximately 1 sample per 
400,000 km2, with a notable concentration in the central and eastern 
Amazon [see Figure S1 in the supplementary material]. However, in the 
Southwestern Amazon, no direct measurements of forest biomass exist, 
as indicated by Figure S1 in the supplementary material, which high
lights an area of approximately 100 million hectares (red hatching) 
where such information is lacking.

The estimates of forest carbon stocks in neotropical regions still 
exhibit a high level of uncertainty (Dubayah et al., 2022; Quegan et al., 
2019; Rosen et al., 2015). Technological advancements have enabled 
the development of global satellite missions such as GEDI (NASA’s 
Global Ecosystem Dynamics Investigation Mission), NISAR (NASA-ISRO 
SAR Mission), and BIOMASS (European Space Agency BIOMASS 
Mission) (Dubayah et al., 2022; Quegan et al., 2019; Rosen et al., 2015), 
which hold great potential for reducing uncertainties related to forest 
carbon stock estimates (Reichstein and Carvalhais, 2019). To achieve 
this reduction in uncertainty, increasing the density of both destructive 
and non-destructive forest inventory plots in neotropical regions are 
necessary (Tejada et al., 2020; Vorster et al., 2020). Currently, 
space-borne lidar measurements are being used to estimate 
above-ground forest biomass in the Amazon via GEDI mission data 
(Duncanson et al., 2022). They apparently underestimate uncertainty by 
depending on limited field biomass measurements for calibration. As 
orbital lidar measurements increase to the billions, the precision of the 
measurements will improve, but the accuracy will depend on field site 
calibrations that ultimately derive from allometric equations such as this 
current effort (Brown et al., 1995b; IPCC, 2006).

To reduce uncertainties related to estimates of forest carbon stock 
and flux in neotropical forests, it is necessary to enhance the density of 
direct biomass measurements, particularly in Southwestern Amazonia. 
This adjustment will reduce uncertainty, and facilitate the refinement of 
allometric equations, enhancing their performance considering the 
diverse forest structure patterns encountered. Furthermore, it will 
enable more accurate estimates of belowground biomass, water content, 
carbon concentration, and wood density in trees.

5. Conclusion

Our findings indicate that over 20 million hectares of open forests in 
the Southwestern Amazon exhibit significant differences compared to 
forests in other Amazon and Pantropical regions in terms of water and 
carbon contents in the biomass, ratio of oven-dry biomass above- and 
below-ground, and allometric patterns in trees. We have demonstrated 
that these differences result in overestimations of forest biomass when 
applying allometric equations developed for other Amazonian and 
Pantropical regions to the open forests of Southwestern Amazonia. This 
overestimation can reach up to 37 % when using equations from the 
eastern Amazon, and between 26 % and 46 % depending on the applied 
Pantropical equation. The use of an inappropriate factor for the root-to- 
shoot ratio in the Southwestern Amazon (SWA) can lead to over
estimates of belowground oven-dry biomass by up to 20 %. These 
findings carry significant implications for the precision of carbon stock 
and flux estimates, particularly at finer scales, such as REDD+ projects 
and national or sub-national emissions reporting. To reduce 

uncertainties related to estimates of forest carbon stock and flux in 
Neotropical forests, it is necessary to enhance the density of direct 
biomass measurements, particularly in the Southwestern Amazon. These 
data are needed to calibrate forest carbon stock estimates produced from 
high-precision remote sensing data, such as those derived from drone- 
based and orbital LiDAR.
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https://www.biofilica.com.br/projeto-redd-resex-jacunda/ (accessed 8.12.22).

Bohlman, S.A., Laurance, W.F., Laurance, S.G., Nascimento, H.E.M., Fearnside, P.M., 
Andrade, A., 2008. Importance of soils, topography and geographic distance in 
structuring central Amazonian tree communities. J. Veg. Sci. 19, 863–874. https:// 
doi.org/10.3170/2008-8-18463.

Brown, I.F., Turcq, B., Alechandre, A., 1995b. Teaching concepts of accuracy, precision, 
and opportunity cost in environmental sciences: arms, legs, and significant figures. 
Ciência e Cult. 47, 41–44.

Brown, I.F., Martinelli, L.A., Thomas, W.W., Moreira, M.Z., Cid Ferreira, C.A., Victoria, R. 
A., 1995a. Uncertainty in the biomass of Amazonian forests: an example from 
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Henry, M., Cifuentes Jara, M., Réjou-Méchain, M., Piotto, D., Michel Fuentes, J.M., 
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aérea da vegetação da floresta tropical úmida de terra-firme da Amazônia brasileira. 
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