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Tree-level models are commonly used to estimate the mean and total forest 
aboveground biomass (AGB). However, tree biomass predictions can vary sig-
nificantly  between models  due to limited understanding of  how calibration 
datasets influence their performance. The aim was to recommend a sample 
size for a dataset to calibrate tree biomass models that estimate mean AGB per 
unit area with the best possible precision and accuracy. The methodology con-
sisted of  (i)  simulating  an Amazonian  forest  using  the Monte Carlo  Method 
(MCM) and m out of n Bootstrap, (ii) estimating the average forest biomass us-
ing models calibrated with datasets of varying sample sizes, (iii) analyzing the 
precision and accuracy of the estimate of the mean AGB in Mg ha -1 per unit 
area using the models calibrated with different sample sizes, and (iv) relating 
characteristics  of  the calibration datasets  with the errors  produced by the 
models. Our findings indicate that increasing sample size improves the preci-
sion of biomass estimates, with notable gains at 200 trees. The study high-
lights that larger samples better represent tree diversity and support reliable 
biomass modeling, which is essential for effective forest management. We con-
clude that a minimum calibration sample size of 200 trees is sufficient to opti-
mize biomass predictions while balancing practical sampling constraints. These 
results can aid in developing forest management strategies and improving car-
bon credit calculations in tropical ecosystems.
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Introduction
Tropical forests are essential to the global 

carbon cycle, sequestering 40%-55% of car-
bon found in terrestrial plants and making 
a substantial  contribution to primary pro-
ductivity (Cuni-Sanchez et al. 2021, De Melo 
et al.  2024). These ecosystems play a cru-
cial role in the context of climate change, 
serving as significant carbon sinks and in-
fluencing  atmospheric  carbon  dynamics 
(Fearnside 2018).

To  generate  carbon  credits  under  the 
REDD+ program (Reducing Emissions from 
Deforestation and Forest Degradation), ac-
curate  estimates  of  forest  carbon  stocks 
are  essential.  Efforts  in  carbon  measure-
ment  have  focused  on  carbon  stocks  in 
forests (Assis et al.  2020,  Ekoungoulou et 

al.  2018),  which  play  a  significant  role  in 
mitigating climate change by removing CO2 

from the atmosphere and storing it in  bio-
mass and soil, as well as combating defor-
estation  and  forest  degradation.  These 
measures allow developing countries with 
verified greenhouse gas reductions and in-
creased  carbon  stocks  to  qualify  for  re-
sults-based  payments  from  international 
sources,  such  as  the  Green  Climate  Fund 
(GCF).  Therefore,  accurate  estimates  of 
carbon emissions from these forests neces-
sitate  reliable  assessments of  forest  bio-
mass.

The development of pantropical allomet-
ric  equations  has  substantially  improved 
biomass estimation across diverse tropical 
forest types (Chave et al. 2014). Neverthe-

less,  multiple  sources  of  uncertainty  still 
affect  the  reliability  of  these  estimates, 
making accurate biomass assessment chal-
lenging  (Temesgen  et  al.  2015).  Among 
these sources of uncertainty, determining 
the appropriate size of the calibration data-
set remains a critical issue. Although larger 
sample sizes are generally assumed to en-
hance model accuracy, the relationship be-
tween  sample  size  and  predictive  perfor-
mance remains poorly understood.

In  addition  to  pantropical  allometric 
equations,  forest  biomass  estimation  has 
increasingly incorporated a broader range 
of  statistical  and  machine-learning  ap-
proaches.  Traditional  parametric  models, 
including linear and nonlinear regressions, 
remain widely used due to their interpret-
ability  and solid  theoretical  foundation  in 
forest biometrics (Garcia et al. 2026). More 
recently, non-parametric and artificial intel-
ligence-based methods have gained atten-
tion for their ability to model complex and 
nonlinear  relationships  in  biomass  predic-
tion (Huy et al. 2022,  Antúnez et al. 2025). 
In particular, Random Forest and other en-
semble learning algorithms have been ex-
tensively applied to remote sensing-based 
biomass modeling due to their strong pre-
dictive  performance  and  robustness  to 
multicollinearity (Campbell et al. 2021, Leite 
et al. 2022). However, despite their flexibil-
ity,  these  methods  are  sensitive  to  the 
quality  and  representativeness  of  calibra-
tion data, and their predictive performance 
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is  strongly  influenced  by  training  sample 
size,  reflecting  the  well-known  bias-vari-
ance trade-off in statistical learning (Jenk-
ins & Quintana-Ascencio 2020, Rajput et al. 
2023).  This  underscores  the  need  for  a 
deeper  understanding  of  how  calibration 
dataset  size  influences  the  reliability  and 
stability of biomass model predictions.

Although biomass can also be estimated 
using plot-level  expansion factors (Schep-
aschenko  et  al.  2018)  or  remote  sensing-
based models  (Potapov et  al.  2021),  tree-
level  calibration  remains  a  fundamental 
component of forest inventory and carbon 
accounting.  Errors  originating at  the indi-
vidual-tree modeling stage may propagate 
to stand-level estimates, particularly when 
calibration datasets are limited or unrepre-
sentative (Vorster et al. 2020). While previ-
ous studies have primarily focused on im-
proving model form or predictor selection 
(Chave  et  al.  2014,  Adame-Campos  et  al. 
2019), investigations examining the role of 
calibration  sample  size  have  largely  ad-
dressed  its  effects  across  scales,  without 
explicitly  evaluating how it  influences the 
reliability of stand-level biomass estimates 
(Fassnacht et al. 2014, Hetzer et al. 2020).

Within  this  context,  this  study  investi-
gates whether variation in calibration data-
set size affects the reliability of stand-level 
mean biomass estimates.  The aim was to 

recommend a sample size for the dataset 
to calibrate tree biomass models that esti-
mate  mean  aboveground  biomass  (AGB) 
per unit area with the highest possible ac-
curacy. We hypothesize that increasing the 
calibration sample size enhances the accu-
racy and stability of stand-level mean AGB 
estimates  in  Amazonian  forests,  because 
selecting a representative sample requires 
multiple  trees  from  the  assessed  popula-
tion,  and  an  insufficient  sample  size  may 
yield a less precise model (Duncanson et al. 
2015,  Sullivan et al. 2018). By investigating 
this  relationship,  we  hope  to  provide  in-
sights that could enhance forest manage-
ment practices and contribute to more reli-
able  carbon  accounting  in  tropical  forest 
ecosystems.

Material and methods

Study area
Although  our  study  uses  forest  simula-

tion, the study area is defined as the cen-
tral  Amazon,  with  forest  stand attributes 
obtained from  Laurance et al. (2009). The 
authors collected data in a forest remnant 
of 1,000-km2 in the region of Manaus, State 
of Amazonas, Brazil (Fig. 1). The area con-
sists  of  forest fragments,  primary rainfor-
est, and a matrix of grassland and regener-
ating  forest  at  50-  to  100-m  elevation 

(Lovejoy 1986, Laurance et al. 2002, 2009). 
The average precipitation is 2,600 mm per 
year, with a moderately strong dry season 
from June to August. The region also fea-
tures nutritionally poor,  highly acidic soils 
classified as Yellow Latosol (Chauvel et al. 
1987).

Data
For  the  simulation  process  described  in 

the next section, in addition to the forest 
stand attributes  consulted in  Laurance et 
al.  (2009),  we  utilized  trees  from  a  sub-
dataset  taken  from  Chave  et  al.  (2014)’s 
database. The database (freely available at 
https://zenodo.org/records/14932971)  com-
prises  4,004 trees,  with  destructively  col-
lected diameter at breast height (DBH) and 
total  height  (HT) measurements,  from 58 
sites spanning the tropics. The sub-dataset 
included only trees with a DBH ≥ 10 cm, col-
lected within or near the Brazilian Amazon 
Forest,  encompassing the sites labeled as 
BraMan2,  BraPara1,  BraPara3,  BraRond, 
SouthBrazil1,  SouthBrazil2,  and  SouthBra-
zil3 (Fig. 1).

The  sub-dataset  with  Amazon’s  trees 
comprises  nAMZ =  410  trees  and will  here-
after be referred to as the Amazonian sub-
dataset.  Descriptive statistics of the Ama-
zonian sub-dataset are given in Tab. 1. The 
scatter plot of DBH and AGB for the Ama-
zonian sub-dataset is presented in Fig. 2a.

Forest simulation and modeling
To simulate a  forest,  we adopted an in-

verted J-shaped diameter distribution typi-
cal  of  humid tropical  forests (David et  al. 
2022), as well as parameters for basal area 
and tree density per hectare observed by 
Laurance et al. (2009) in a forest in central 
Amazonia. The algorithm for executing the 
forest  simulation,  tree biomass modeling, 
and forest biomass prediction was divided 
into two parts (see below).

Part I: Forest simulation
Part  I  involved  simulating  ten  1-ha  field 

plots  using  the  Monte  Carlo  Method 
(MCM),  with  diameter  at  breast  height 
(DBH) following an inverted J-shaped dis-
tribution. The algorithm involves the steps 
described below.

Define i as a tree and j as a 1-ha plot. 
(i) Define the parameters of the beta dis-

tribution  (α;  β)  to  reflect  an  inverted  J-
shape. To achieve this, α was set to 0.3 and 
β to 2.0 (eqn. 1):

 (1)

(ii) For the j-th plot, obtain Xi = 10 + x100, 
where x is a random vector of size n drawn 
from the beta distribution that ranges from 
0 to 1. X is a vector representing the DBHs, 
with values ranging from 10 to 100 cm, and 
n  is  a  random  number  between 594  and 
613, representing the number of trees ≥ 10 
cm per ha, as in Laurance et al. (2009). 

(iii) For the j-th plot, save the vector X if Gj 

= Σi=1
nj (π  Xi

2) is between 27 and 30 m2 ha-1, 
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Fig. 1 - Geographical locations of the study sites. The red circle represents the study 
area from  Laurance et al.  (2009),  while the black circles denote seven study sites 
sourced from Chave et al. (2014)’s database.

Tab. 1 - Descriptive statistics of the Amazonian sub-dataset from Chave et al. (2014)’s 
database. (DBH): diameter at 1.30 m above ground; (HT): total height; (AGB): above-
ground biomass; (SD): standard deviation; (CV): coefficient of variation.

Variable Minimum Mean Maximum Median SD CV (%) nAMZ

DBH (cm) 10.0 22.6 138.0 16.4 17.0 75.0 410

HT (m) 6.0 19.4 54.1 17.6 7.4 38.3 410

AGB (kg.tree-1) 12.3 730.5 20,416.0 142.8 1937.7 265.3 410
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as in Laurance et al. (2009). 
(iv) Replicate steps i-iii 10 times.
Steps i-iv define the diameter distribution 

of the forest, which consists of 6,014 trees 
distributed  across  ten  1-ha  plots.  The  re-
sults of these steps are shown in Fig. 2b.

The following steps describe how the for-
est  was  simulated  using  trees  selected 
from  the  Amazonian  sub-dataset  (nAMZ = 
410).

Denote k for the diameter class, where k 
= 1 corresponds to a DBH of 10-20 cm and k 
= 9 corresponds to a DBH of 90-100 cm. 

(v) For the  j-th plot created in steps i-iv, 
count the number of trees in the k-th diam-
eter class, being this number represented 
by njk. 

(vi)  For  the  j-th  plot  and the  k-th  class, 
randomly select with replacement njk trees 
from  the  Amazonian  sub-dataset  (nAMZ = 
410). 

(vii)  Repeat steps v-vi  for the remaining 
diameter classes. 

(viii) Repeat steps v-vii for the remaining 
plots.

The simulation process allowed us to de-
termine  the  actual  value  (parameter)  of 
the AGB for the ten 1-ha plots, as the Ama-
zonian sub-dataset provides the observed 
biomass value for each tree, along with the 
variables DBH and HT.  Tab. 2 presents de-
scriptive statistics for AGB, DBH, and HT of 
the trees in the simulated forest.

Part II: Biomass modeling under different 
sample sizes and uncertainty analysis

In Part II,  tree biomass models were fit-
ted using six calibration dataset sizes. The 
resulting  equations  from  these  fittings 
were used to predict the AGB in the ten 1-
ha plots.

Denote  i for trees,  j  for plots, and  m  for 
the sample size of the calibration dataset, 
where m = 1, ncalib.1 = 13; m = 2, ncalib.2 = 25; m = 
3, ncalib.3 = 50; m = 4, ncalib.4 = 100; m = 5, ncalib.5 

= 200; m = 6, ncalib.6 = 400 trees. 
(i) For the m-th sample size, randomly se-

lect with replacement a sample of nm trees 
from the Amazon subset, where nm < nAMZ, 
thereby implementing the m out of n Boot-
strap technique. 

(ii)  Obtain  descriptive  statistics  for  the 
DBH variable from the sample selected in 
the  previous  step,  including:  minimum, 
maximum,  range,  mean,  standard  devia-
tion,  coefficient  of  variation  (CV),  Q1  (1st 

quartile), Q2 (2nd quartile), Q3 (3rd quartile), 
range between Q1 and Q2, number of trees 
with DBH > Q3, number of trees with DBH 
> 1.5 × Q3, skewness, kurtosis, and number 
of trees with DBH < Q1. 

(iii) Fit the biomass model at the individ-
ual tree level (eqn. 2) and obtain the vector 
of coefficients β̂� p: 

(2)

where  β̂� ij is the predicted tree biomass, in 
kg; DBHij is the diameter of the tree at 1.30 
m  above  the  ground  from  the  selected 
sample, in cm; HTij is the total height of the 
tree from the selected sample, in m.

The application of a model that, in addi-
tion to DBH, includes tree height as an ex-
planatory  variable  acknowledges  that  ig-
noring  tree  height  in  biomass  estimation 
can lead to  significant errors  (Feldpausch 
et al. 2012, Chave et al. 2005, Goussanou et 
al. 2016, Djomo et al. 2010, Ekoungoulou et 
al. 2018). 

(iv) For the j-th plot, predict the biomass 
for the i-th tree using the coefficient vector 
of  β̂� p  and applying the bias correction fac-
tor as described by Sprugel (1983). 

(v) For the j-th plot, obtain the biomass at 
the  stand  level,  in  Mg  ha-1,  using  eqn.  3. 
Subsequently,  calculate  the  average  esti-
mated  and  observed  AGB  across  the  10 
plots using eqn. 4 and eqn. 5, respectively:

(3)

(4)

(5)

(vi)  Estimate  the  mean  error  (εrep)  and 
root mean square error (RMSErep) of the av-
erage  AGB,  in  Mg  ha-1,  using  eqn.  6  and 
eqn. 7:

(6)

(7)

(vii) Replicate steps i-vi 5000 times. 
(viii) Repeat steps i-vii  for the remaining 

sample sizes.
Note that eqn. 4 is a model-assisted esti-

mator of the mean AGB per unit area, eqn. 
5 is a sample-based estimator of the mean 
AGB per unit area, and eqn. 6 and eqn. 7 
are measures of accuracy of the mean AGB 
per unit area. Steps i-viii generate, for each 
sample size, two separate vectors contain-
ing 5000 mean errors and 5000 RMSE of 
forest  biomass  in  Mg  ha-1.  The  last  two 
steps  of  the algorithm involve  measuring 
the  precision  and  accuracy  of  the  esti-
mated mean AGB in Mg ha-1, as described 
below.

(ix)  For  the  m-th  sample  size,  calculate 
the range (eqn.  8,  eqn.  9)  and the mean 
(eqn. 10, eqn. 11) of mean error and RMSE 
in Mg ha-1 across the replications:

(8)

(9)

(10)

(11)

(x) Repeat step ix for the remaining sam-
ple sizes.

The range of RMSE and errors was used 
to  assess  precision,  as  the  common  vari-
ance is  not  suitable in  cases with a large 
number  of  replications.  To evaluate accu-
racy,  the  mean  RMSE  and  error  across 
replications were considered.

To  complement  the  evaluation  of  preci-
sion and accuracy, we calculated the prob-
ability  of  achieving an acceptable relative 
error threshold.  For each calibration sam-
ple  size,  the proportion of  replications  in 
which  the  absolute  relative  error  of  the 
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Fig. 2 - Relationship 
between aboveground 

biomass (AGB) and tree 
diameter at breast height 

(DBH) (a) and diameter dis-
tribution (b). Diameter dis-
tribution of the forest sim-
ulated (n. of trees = 6014) 
through the Monte Carlo 

method. In (a), each point 
represents a single tree 

that has been individually 
weighed. The size of the 

points corresponds to 
wood specific gravity.
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ln (b̂ij)=β̂ 0+β̂ 1 ln (DBH ij
2)+ β̂ 2 ln (HT ij)

ÂGB j=∑i=1

n j
b̂ij

ÂGB= 1
10∑ j=1

10
ÂGB j

AGB= 1
10∑ j=1

10
AGB j

ε rep= ÂGB−AGB

RMSErep=√∑i=1

n
( ÂGB|AGB)

2

n

Aε=ε rep(max)−ε rep(min)

ARMSE=RMSErep(max)−RMSErep(min)

ε̄= 1
5000∑rep=1

5000
ε rep

RMSE= 1
5000∑rep=1

5000
RMSErep
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mean AGB estimate was less than or equal 
to 10% was computed (eqn. 12). This proba-
bility was estimated from the distribution 
of 5,000 replicated simulations using an in-
dicator  function  approach.  Similarly,  the 
probability  of  obtaining  RMSE  values  be-
low  the  same  threshold  was  calculated 
(eqn. 13):

(12)

(13)

where I() is an indicator function equal to 1 
when the condition is satisfied and 0 other-
wise.  These  metrics  provide  an  intuitive 
measure of the reliability of the estimator 
across different calibration sample sizes.

To quantify the incremental improvement 
in precision associated with increasing cali-
bration sample size, we calculated the per-
centage  reduction  in  the  range  of  RMSE 
and  error  between  successive  sample 
sizes.  For  each  transition  (e.g.,  13  to  25 

trees, 25 to 50 trees, etc.), the relative de-
crease in the range was computed with re-
spect  to  the  previous  sample  size.  This 
analysis allowed us to assess how much ad-
ditional precision was gained when increas-
ing the number of calibration trees and to 
identify potential stabilization of improve-
ments at larger sample sizes.

Explaining error of forest biomass 
estimate through characteristics of model 
calibration dataset

In addition to analyzing precision and ac-
curacy of the estimate of the mean AGB in 
Mg ha-1 as described above, we also related 
characteristics  of  each calibration dataset 
of the models to the RMSE and mean error 
(eqn. 6,  eqn. 7)  produced by the models. 
The descriptive statistics calculated in step 
ii of Part II of the algorithm were adopted 
as  characteristics  of  the  datasets.  Note 
that  the  RMSE  and  error  obtained  from 
eqn. 6 and eqn. 7 and the descriptive statis-
tics are calculated 5,000 times for each m-
th sample size of the calibration dataset.

The first attempt to explain the error in 

terms  of  dataset  characteristics  involved 
using  Pearson’s  correlation  coefficient  r 
(eqn. 14): 

(14)

The normality of  the data was assessed 
using  the  Shapiro-Wilk  test.  In  this  case, 
each  descriptive  statistic  (minimum  DBH, 
maximum DBH, etc.) for the datasets was 
correlated with the estimated error in for-
est  biomass  (Mg  ha-1).  We  considered  a 
strong correlation when r ≥ 0.75, moderate 
when 0.50 ≤  r < 0.75, and weak when  r < 
0.50. The calculation included only 50 data 
pairs, corresponding to the percentiles (0%, 
2%, …, 98%, 100%) of the RMSE and mean 
error obtained from eqn. 6 and eqn. 7.

In summary, the analytical procedure con-
sisted of (i) simulating an Amazonian forest 
using the Monte Carlo Method (MCM) and 
m out of n Bootstrap, (ii) estimating the av-
erage  forest  biomass  using  models  cali-
brated  with  datasets  of  varying  sample 
sizes, (iii) analyzing the precision and accu-
racy of the mean AGB estimate in Mg ha-1 

using the models calibrated with different 
sample sizes, and (iv) relating characteris-
tics of the calibration datasets with the er-
rors produced by the models.

Results
Our analytical procedure generated 5,000 

mean errors and RMSE values using eqn. 6 
and eqn. 7 for each sample size (ncalib.1 = 
13,  …,  ncalib.6  =  400)  in  the  calibration 
dataset. The histograms of the mean errors 
and RMSE for all sample sizes are depicted 
in  Fig. 3. The histograms of the errors de-
picted an expected normal distribution, as 
confirmed by the Shapiro-Wilk test.

Descriptive statistics for the RMSE and er-
rors are given in  Tab. 3 and  Tab. 4, where 
the range and mean values were obtained 
using eqn. 8-11, respectively. We noted that 
the  amplitude  of  the  RMSE  and  errors, 
which  reflect  the  precision  of  the  mean 
AGB estimate (Mg ha-1),  decreases  as  the 
sample  size  of  the  calibration  dataset  in-
creases.  The  difference  between  the 
largest  and  smallest  amplitudes  indicates 
that  the  biomass  estimate’s  precision  in-
creased by up to 32 times with the increase 
in sample size.

The accuracy of the biomass estimate, as 
reflected by the mean values in Tab. 3 and 
Tab. 4, showed less variation across sample 
sizes than the precision. We observed a re-
duction in the mean RMSE (from 58.7 to 8.1 
Mg ha-1) and a decrease in the mean error 
(from 17.6 to -0.3  Mg ha-1)  as  the sample 
size  in  the  calibration  dataset  increased. 
Also,  the  RMSE  and  error  medians  de-
creased with sample size, though less than 
the mean did.  The positive error medians 
observed for sample sizes up to 100 indi-
cate  that  biomass  per  unit  area  was  fre-
quently overestimated.

To quantify  the effect of  increasing cali-
bration sample size on precision, we calcu-
lated the marginal reduction in RMSE and 
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Tab. 2 - Descriptive statistics of the simulated forest (n = 6,014 trees) based on tree 
selection from the Amazonian sub-dataset. (DBH): diameter at 1.30 m in cm; (HT):  
total height in m; (AGB): aboveground biomass in Mg ha -1; (SD): standard deviation; 
(CV): coefficient of variation.

Variable Minimum Mean Median Maximum CV (%)

DBH (cm) 10.0 21.2 15.9 95.0 67.2

HT (m) 6.0 18.8 17.0 54.1 36.8

AGB (kg tree-1) 12.3 576.2 133.7 9879.0 221.2

Tab. 3 - Descriptive statistics of 5,000 mean error values for the mean AGB estimate 
(Mg ha-1), including the percentage reduction relative to the previous sample size and 
the probability that |%error| ≤ 10%.

Sample
size

Minimum Mean Median Maximum Range
% reduction
vs. previous

P(|%error|
≤ 10%)

13 -244.3 17.6 5.1 1315.3 1559.6 - 0.67

25 -143.1 6.3 2.5 373.2 516.3 66.9 0.77

50 -100.6 3.1 0.7 198.3 298.8 42.1 0.86

100 -75.3 1.1 0.1 89.2 164.6 44.9 0.94

200 -50.9 0.4 -0.2 59.4 110.3 33.0 0.99

400 -37.3 -0.3 -0.7 41.0 78.3 29.0 1.00

Tab. 4 - Descriptive statistics of 5,000 RMSE values for the mean AGB estimate (Mg 
ha-1), including the percentage reduction relative to the previous sample size and the 
probability that |%RMSE| ≤ 10%.

Sample
size

Minimum Mean Median Maximum Range
% reduction
vs. previous

P(|%RMSE| 
≤ 10%)

13 0.0 58.7 41.7 1315.3 1315.3 - 0.43

25 0.0 36.0 28.2 373.2 373.2 71.6 0.59

50 0.0 23.7 19.2 198.3 198.3 46.9 0.77

100 0.0 16.1 13.2 89.2 89.2 55.0 0.91

200 0.0 11.3 9.5 59.4 59.3 33.5 0.99

400 0.0 8.1 7.0 41.0 41.0 30.9 1.00
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error across successive sample sizes (Tab.
3,  Tab.  4).  The  largest  improvements  oc-
curred at smaller sample sizes, with RMSE 
reductions  of  71.6%  (13-25),  46.9%  (25-50), 
55.0% (50-100), 33.5% (100-200), and 30.9% 
(200-400). A similar pattern was observed 
for error range (66.9%, 42.1%, 44.9%, 33.0%, 
and 29.0%,  respectively),  indicating dimin-
ishing returns and stabilization of precision 
gains beyond 200 trees.

The  probability  of  achieving  acceptable 
relative error  and relative RMSE (eqn.  12-
13)  increased  markedly  with  calibration 
sample size. For error (Tab. 3), this proba-
bility rose from 0.67 at 13 trees to 0.86 at 
50 trees and reached ~1.00 from 200 trees 
onward, indicating the stabilization of the 
average  bias  at  relatively  large  sample 
sizes. For RMSE (Tab. 4), the probability in-
creased from 0.43 (13 trees) to 1.00 (400 
trees). Notably, with 100 trees, the proba-
bility of obtaining RMSE ≤ 10% already ex-
ceeded 0.90, demonstrating high reliability 
at this calibration size. However, with 200 
trees,  the  probability  reached  approxi-
mately 1.0 for both error and RMSE. These 
results  indicate that improvements dimin-
ish beyond 200 trees, supporting this value 

as a practical threshold for stable and pre-
cise mean AGB estimation.

The  correlation  between  the  estimated 
RMSE and error of forest biomass and each 
descriptive  statistic  was  considered  weak 
for  all  tested  sample  sizes,  as  the  values 
were less than 0.50,  except between the 

error  and  the  coefficient  of  variation  of 
DBH  when the  sample  size  was  200  (r = 
0.51,  indicating  a  moderate  correlation). 
However,  none  of  the  metrics  explained 
the behavior of the estimation error, as evi-
denced by the low correlation values.

The  percentage error  of  the  mean AGB 
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Fig. 3 - Histograms of RMSE 
and errors (nrep=5,000) of 
the estimate of the mean 

AGB in Mg ha-1 (calculated 
using eqn. 6-7). Solid red 
vertical line: mean error. 

Dashed blue vertical line: 
median. Solid black vertical 

line: 0 (zero).

Fig. 4 - Boxplots of relative errors of the mean AGB estimate (Mg ha -1) for different 
sample sizes (number of trees) of model calibration datasets.
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estimate  for  the  tested  sample  sizes  is 
shown in  Fig.  4.  The sample sizes  of  200 
and 400 exhibited the lowest percentage 
error  ranges,  specifically  -14.70%  to  17.13% 
and  -10.76%  to  11.84%,  respectively.  The 
smaller the number of samples, the greater 
the  error  range,  with  amplitudes  of 
450.04%,  148.98%,  86.23%,  47.49%,  31.83%, 
and 22.61% for 13, 25, 50, 100, 200, and 400 
samples,  respectively.  The  same  patterns 
were observed for RMSE values. Notably, 
when the  sample  size  was  doubled  from 
200 to 400, the error and RMSE amplitudes 
decreased  by  9.22%  and  11.84%,  respec-
tively.  Almost all  mean values of percent-
age  error  were  positive,  ranging  from 
5.08% for the smallest sample size to -0.11% 
for 200.

Discussion
The  high  variability  of  tree  attributes 

(Tab.  1)  is  common in  tropical  forests,  as 
they  are  characterized  by  structural  and 
floristic diversity, along with the presence 
of large trees (e.g., Max. AGB = 20,416 kg 
tree-1,  Tab. 1 – Akindele & LeMay 2006,  Ter 
Steege et al.  2013,  Worbes & Junk 1999). 
This  high  population  heterogeneity  in-
creases  the  challenge  of  biomass  estima-
tion  in  natural  forests  (Cysneiros  et  al. 
2017).  However,  large  trees  must  be  in-
cluded in the sample, as these individuals 
contribute a substantial proportion of the 
biomass and accurately reflect the popula-
tion’s composition (Feldpausch et al. 2012, 
Aabeyir  et  al.  2020).  Using  5,000  repeti-
tions  across  the different  sample  sizes  in 
this study effectively reduced the effect of 
sample  composition  on  the  regression 
model fit, allowing for a more reliable anal-
ysis of model adjustments, consistent with 
the findings of Leão et al. (2021).

The  results  underscore  the  reliability  of 
the equations employed to estimate stand-
level  biomass,  as  they  consistently  ap-
proached the true mean despite the high 
variability observed in smaller samples. Fur-
thermore,  the  normal  distribution  of  the 
errors suggests a solid theoretical founda-
tion.

The  underestimation  of  biomass  in-
creased with sample size, while RMSE val-
ues decreased (Tab. 3, Tab. 4), suggesting a 
reduction in the influence of larger trees in 
the modeling process. Given the inverted-J 
distribution (e.g., most observations are of 
small trees, with only a small proportion of 
large  trees),  the  larger  the  sample,  the 
greater the tendency for more small trees 
to be selected. In line with this pattern, evi-
dence in the literature indicates that allo-
metric models focusing on large trees tend 
to overestimate biomass for smaller trees 
(Deans et al. 1996, Van Breugel et al. 2011).

In contrast, Dutca et al. (2020) found that 
although  sample  size  strongly  influenced 
accuracy, it showed limited impact on the 
precision of biomass predictions. Converse-
ly,  Duncanson et al.  (2015),  studying tem-
perate  forests  across  multiple  sites,  re-
ported  that  the  accuracy  of  allometric 

models  is  highly  affected by  sample  size, 
with  small  samples  yielding biased coeffi-
cients. Similarly,  Aabeyir et al.  (2020) indi-
cated  that  calibration  with  larger  sample 
sizes yields more reliable coefficients. This 
behavior aligns with the gradual increase in 
mean AGB estimate (Mg ha-1) precision as 
more trees were used for model calibration 
(Tab. 3, Tab. 4, Fig. 4), indicating that small 
samples may not adequately represent the 
sampled  population;  thus,  the  larger  the 
sample size, the greater the likelihood that 
additional observations (trees) yield consis-
tent  results  (Brooks  &  Barcikowski  2012). 
Although model diagnostics and parameter 
significance  were  not  evaluated  individu-
ally for each fitted equation, the observed 
variability  among  simulations  reflects  not 
only differences in sample composition but 
also the instability of parameter estimates 
associated  with  limited  calibration  data-
sets.  Additionally,  Chave  et  al.  (2004),  in 
their study on biomass estimation in tropi-
cal  forests,  recommended  that  allometric 
equations be constructed from large sam-
ples,  ideally  comprising at  least  100 trees 
spanning  a  broad  diameter  range.  Such 
findings  underscore  the  importance  of 
evaluating the optimal sample size for for-
est management (Maxwell et al. 2008), as 
the number of  sampled trees directly  im-
pacts fieldwork labor, survey costs, and the 
accuracy of models applied in forest inven-
tory.

Beyond comparisons with previous sam-
ple-size studies, these findings have impli-
cations  for  broader  biomass  estimation 
methodologies.  While  many  studies  em-
phasize improvements in model form, pre-
dictor  selection,  or  spatial  scaling  strate-
gies (Chave et al. 2014,  Adame-Campos et 
al.  2019), comparatively less attention has 
been given to the structural role of calibra-
tion sample size in stand-level biomass in-
ference (Fassnacht et al. 2014, Hetzer et al. 
2020).  Plot-based  expansion  approaches 
and  remote  sensing  frameworks  typically 
prioritize  plot  representativeness  or  land-
scape-level predictive performance (Schep-
aschenko et al.  2018,  Potapov et al.  2021, 
Campbell et al. 2021), often assuming that 
tree-level allometric relationships are suffi-
ciently  stable.  However,  because  large-
scale biomass products ultimately depend 
on these underlying relationships (Leite et 
al. 2022), the present results demonstrate 
that calibration sample size alone can sub-
stantially influence the variability of stand-
level  mean  AGB  estimates,  even  when 
model structure remains unchanged. These 
findings reinforce the importance of treat-
ing calibration design as a structural com-
ponent  of  model  reliability  rather  than 
merely an operational constraint.

Although  the  literature  indicates  that 
sample sizes can exceed 200 trees (Rom-
ero et al. 2022), they often do not (Woort-
mann  et  al.  2018,  Moura  et  al.  2022,  De 
Melo  et  al.  2024).  Hetzer  et  al.  (2020) 
found that around 100 plots are necessary 
for  biomass  estimations;  however,  in  the 

present study, a significant reduction in er-
ror  was  observed  when  the  sample  size 
was increased from 100 to 200 trees (e.g., 
reduction of 33.0% for error and 33.5% for 
RMSE – Tab. 3, Tab. 4). While sampling 200 
trees  provided  good  precision,  the  im-
provement in precision from doubling the 
sample size (from 200 to 400) was not sub-
stantial enough to justify the additional ef-
fort. Furthermore, a sample size of 200 is 
preferable,  as it  increases the chances of 
adequately representing a diverse range of 
tree sizes, as recommended by Chave et al. 
(2004).  Additionally,  recognizing that  it  is 
not always possible to obtain such a sam-
ple  size  in  practice,  one  should  consider 
that when working with a limited sample 
size, it is crucial to be aware of the trade-
off between sample size and the precision 
of the mean AGB estimate (Mg ha-1) at the 
stand level.

The ability to replicate findings is  essen-
tial across all scientific disciplines to ensure 
the stability and generalizability of results. 
A reliable approach to guarantee this gen-
eralization is to apply these models to inde-
pendent  samples  separate  from  the  data 
used  for  model  fitting.  In  this  context,  a 
limitation of the present study is that the 
same dataset was used to simulate forest 
structure  and  calibrate  biomass  models, 
which may influence the independence of 
model validation and should be considered 
when  interpreting  the  generalizability  of 
the results. Thus, developing a model with 
high accuracy should be regarded as only 
the first step in the validation process, as 
common validation methods do not elimi-
nate the need to validate models on other 
samples  (Brooks  &  Barcikowski  2012).  As 
observed in this study, an insufficient cali-
bration sample size may yield satisfactory 
results  for  a  specific  dataset  but  present 
limitations when transferred to other for-
est  conditions,  leading  to  wasted  time, 
field  effort,  and  costs  for  inconclusive  or 
less  applicable  outcomes.  Consequently, 
simulation emerges as an essential tool to 
support the validation process, allowing as-
sessment  of  model  performance  at  the 
stand level, a practice still rarely applied in 
the development of biomass models (Dut-
ca et al. 2020, David et al. 2022). Finally, al-
though the forest structure here was simu-
lated according to a typical inverted-J dis-
tribution representative of central Amazon 
forests,  the  variability  level  of  the  simu-
lated stands remained within the ecologi-
cal  range  reported  by  Laurance  et  al. 
(2009).  Therefore,  our  recommendation 
applies  to  forests  with  comparable  struc-
tural  heterogeneity,  and  future  research 
should extend this framework using inde-
pendent  datasets  and  forests  with  con-
trasting  diameter  distributions  and  lower 
structural variability.

Conclusions
The sample size affects  the precision of 

the mean AGB estimate (Mg ha-1) per unit 
area. Larger sample sizes yield better preci-
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sion,  but  it  does  not  affect  accuracy.  To 
compose a model calibration dataset, one 
should consider that precision can improve 
as the sample size increases.  To estimate 
the mean and total forest biomass in the 
Amazon using tree-level modeling, we rec-
ommend a calibration dataset  comprising 
200  randomly  sampled  trees,  with  DBHs 
spanning the forest range.
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