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Abstract Forest variables such as aboveground wood volume are usually estimated
by applying regression analysis. Nevertheless, in the past decades, new alternatives
have been used, for example, artificial neural networks. In this sense, our study
aimed to evaluate the efficiency of the Radial Basis Function (RBF) neural
network in estimating aboveground wood volume for the Brazilian savanna using
the cOptBees training algorithm. We fitted 18 allometric models and trained
three Multilayer Perceptron (MLP) networks and two RBF networks using two
different algorithms: k-means and cOptBees. We selected the MLP and RBF
networks, as well as the allometric model with the best accuracy, for comparison.
We verified the methods’ accuracy by analysing the statistics of bias, root mean
square error (RMSE), and Pearson’s correlation coefficient. The lowest bias value
was presented by the RBF network using the cOptBees algorithm (5.90 x 107).
The Nislund model showed the highest correlation (9.45 x 10"), as well as the
lowest RMSE (2.07 x 10%). The aboveground wood volume estimates provided
by the artificial neural networks showed similar results to those provided by
classical regression models. Overall, we may infer that RBF networks trained
using the cOptBees algorithm can be used to estimate aboveground wood volume
in the Brazilian savanna, being as accurate as MLP or RBF networks trained
with the k-means algorithm and allometric models. Finally, all methods showed
similar aboveground wood volume estimates. However, neural networks offer

advantages in optimizing field surveys because they require less sampling effort.
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Introduction

Savanna ecosystems play an important role in
providing a wide range of economic, social, and
ecological benefits, including carbon sequestration,
aboveground wood production, water and soil
protection, and biodiversity conservation (Inkotte
etal. 2022, Oliveira et al. 2024, Souza et al. 2024).
Globally, savannas are found across Africa, India,
Australia, Southeast Asia, South America and
Central America (Grace et al. 2006, Pennington et
al. 2018). In South America, the Brazilian savanna
(known as Cerrado) stands out as the most
biodiverse neotropical savanna, providing multiple
ecosystem services (Bueno et al. 2016). The
Brazilian savanna covers approximately 2 million
km? and encompasses a mosaic of vegetation
that includes grassland savanna (herbaceous
vegetation represented mainly by grasses), densely
wooded savanna (a stratum characterized by a
predominance of arboreal trees), and woodland
savanna (represented by spaced trees of 5-8 m
in height) (Ribeiro & Walter 2008, Zimbres et al.
2021). In addition to the different vegetation types,
the structural heterogeneity poses significant
challenges to ecological assessment and stock
estimates, such as aboveground wood production
and carbon assimilation.

Trees at the Brazilian savanna commonly
exhibit irregular forms, presenting crooked
stems, tilted growth, and thick bark as adaptive
responses to seasonal drought and fire events
(Honda et al. 2014). The structural complexity,
combined with the vast area and sampling
effort required, results in high costs and time-
consuming field-based biomass and volume
measurements (Silveira et al. 2019). However,
aboveground wood volume estimates in this
vegetation type remain a crucial component
of forest assessments, since wood production
can serve as a reliable proxy for carbon stock
(Naumov et al. 2018, Liu et al. 2019, Souza et al.
2024). Accurate estimation of the aboveground
wood volume, beyond providing information on
forest ecosystem carbon stock and sequestration,
may also leads to insights into forest health,
growth and yield, and management plans to
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address climate change (Binoti et al. 2013, Silva
Junior et al. 2018, Nordstrom et al. 2019).

Traditionally, aboveground wood volume
is estimated by applying allometric models
based on diameter at breast height (DBH) and
total height (H) (Giri et al. 2019, Souza et al.
2024). However, in natural and heterogeneous
ecosystems (with non-uniform vegetation)
such as the Brazilian savanna, there is a great
variability in tree shape and size, and therefore
the relationship between DBH and H may not
capture the full variability in tree architecture,
resulting in lower predictive performance from
the models (Sousa et al. 2023, Souza et al.
2024). To overcome this limitation, machine
learning, especially the artificial neural networks
(ANNs), has emerged as powerful tools in
forest modelling (Miguel et al. 2015, Carrijo
et al. 2020, Sousa et al. 2023, Oliveira et al.
2024). ANNS are capable of handling complex,
nonlinear relationships and have been widely
used in estimating forest variables, including
aboveground wood volume, height-diameter
relationship, total height, and biomass, among
others (Ercanli 2020, Oliveira et al. 2021, Costa
et al. 2022, Giiner et al. 2022).

The most used ANN architectures for
estimating forest variables are Multilayer
Perceptron (MLP) and Radial Basis Function
(RBF) (Cheshmberah et al. 2020, Giinlii et al.
2021, Asl et al. 2024). While MLPs are known
for their ability to solve complex problems with
high degrees of non-linearity, RBF networks
offer structural advantages, especially when
the neurons in the hidden layer are defined by
clustering algorithms (Haykin 1999, Silva Janior
et al. 2018, Zhang et al. 2018, Cheshmberah et
al. 2020). Commonly, RBF networks are trained
using the K-means algorithm, an unsupervised
algorithm that requires the number of clusters
to be predefined (Braga et al. 2014, Sousa
Janior et al. 2022, Soper 2023). In contrast, the
cOptBees algorithm, a bio-inspired optimization
technique based on bees’ behavior, automatically
determines the number of clusters and has
demonstrated superior performance in pattern
recognition and modeling tasks (Cruz et al. 2015,
Cruz et al. 2016, Silva Janior et al. 2018).
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The cOptBees algorithm has been applied
to estimate variables in planted forests (Silva
Junior et al. 2018), but until now its potential
for modelling in natural, heterogeneous
environments remains unexplored. The absence
of studies applying cOptBees in natural
ecosystems, such as the Brazilian savanna, does
not necessarily indicate lack of potential, and
indeed reflects the novelty of the method and the
need for comparative evaluation. Considering
the Brazilian savanna structural variability and
the scarcity of high-resolution aboveground
wood volume data, it is especially relevant to test
whether algorithms capable of adaptive clustering
can improve model performance over traditional
methods. The greater variability of the data in
natural forests represents a major challenge
to regression algorithms (Bayat et al. 2021,
Miranda et al. 2022). Meanwhile, the cOptBees
algorithm shows great capacity in grouping
similar data. Thus, this algorithm tends to cluster
tree individuals exhibiting similar patterns, for
example, belonging to the same species.

Therefore, the aim of our study is not only to
apply the cOptBees algorithm in a new ecological
context, but also to comparatively assess its
performance against widely used modelling
approaches. We evaluate four methods for
estimating tree aboveground wood volume in
the Brazilian savanna: (1) traditional allometric
models; (2) MLP networks; (3) RBF networks
trained with k-means; and (4) RBF networks
trained with cOptBees. By analysing the strengths
and limitations of each method in a complex and
understudied biome, this study contributes to
advancing forest modelling and supports improved
forest assessment strategies in tropical savannas.

Material and methods
Study area

Our study covered a Brazilian savanna area
(29.6 ha) in Minas Gerais state, southeast
Brazil (Figure 1). The vegetation is classified
as Woodland savanna (“Cerrado sensu stricto”),
which is characterized by spaced trees with
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heights ranging from 5-8 m (Ribeiro & Walter
2008). The main woody tree species found in this
vegetation type are Byrsonima coccolobifolia,
Curatella americana, Caryocar brasiliense, and
Hancornia speciosa (Ratter et al., 2003).

The region’s climate is classified as Aw
(according to the Kdppen classification), a warm
climate, with rainfall concentrated in the summer
and a dry season in winter. The mean annual
precipitation is 1086.4 mm and mean annual
temperature is 23.1 °C. The soil classification is
generally Cambisol (Alvares et al. 2013).

Data collection

A forest inventory was carried out during 2013
and 2014 at the forest remnant. For that, we
systematically sampled a total of 25 plots of 20
x 20 m (400 m?), covering a total area of one
hectare. All arboreal trees with diameter at breast
height (DBH) equal to or greater than 3 cm were
measured. The total height of these trees was also
recorded. Botanical material (flowers, leaves, and
fruits from each tree) was collected and exsiccates
were prepared for species identification (Lorenzi
1998, Silva-Junior 2012). The taxonomy was
standardized according to the Angiosperm
Phylogeny Group IV system (APG 2016).
Atotal of 919 trees were identified during the
forest inventory. However, we carried out the
destructive sampling for aboveground wood
volume estimates on only 586 trees. Some
native species from the Brazilian savanna are
legally protected due to their endangered status;
therefore, these species were not included
in the destructive sampling. Additionally, to
ensure representation, we selected only species
with at least eight individuals in the study
area. We used the Huber method to measure
the volume of branches and stems with a
minimum diameter of 3 cm. This method
consists of dividing each tree stem into straight
segments and estimating the volume of each
segment as the product of its cross-sectional
area at the midpoint and its length (Equation
1) (Grosenbaugh 1948, Freese 1973). The
diameter is measured at the midpoint of each
segment, allowing accurate volume estimation
even in irregularly shaped or tortuous stems.
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Figure 1 Study area of Cerrado sensu stricto located in Montes Claros, Minas Gerais, southeast Brazil.

V= gL (1)

where: V is aboveground wood volume of the i-th
section (m?); g is the i-th sectional area (meters); L
is the section length of the stem or branch (meters).

For each tree, the stem was divided into
n segments (depending on stem curvature),
while respecting natural changes in direction
along the trunk (Figure 2). We measured the
total length of each segment and its diameter
at the midpoint in the field using a measuring
tape. The total tree volume was obtained by
summing the segment volumes. This approach
is particularly advantageous for species of
the Brazilian savanna (Cerrado), which often
exhibit stem tortuosity and irregular bole
shapes. Unlike methods that assume a straight
trunk (e.g., Smalian or Newton formulas), the
Huber method allows adapting the measurement
to each straight segment, reducing systematic
errors in volume estimation.
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We conducted a statistical analysis to assess
data dispersion using boxplots. Through this
analysis, we identified the presence of outliers
and exclude them from the database. Overall,
we used a total of 514 trees to fit the allometric
models and to train the artificial neural network
(MLP and RBF).

Figure 2 Schematic design of the Huber method used for
destructive tree sampling. d is the measured diameter at
the midpoint of each segment; 1 is the stem or branch
length; g is the cross-sectional area.
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Fitting of allometric models

We fitted 18 allometric models (see Table S1,
supporting information) using regression analysis
(Imana-Encinas et al. 2009). The models were
fitted using the minpack.Im package (Elzhov
et al. 2016) in the R software (R Core Team
2017). We evaluated the fitted models based on
the residual standard error values in m* (Syx)
(Equation 2) and in percentage (Syx%) (Equation
3) (which were recalculated for the logarithmic
models), significance of the parameters, adjusted
coefficient of determination (R?Adj.) (Equation
4), residual plots and Akaike Information
Criterion (AIC) (Equation 5) (Thomas et al.
2006, Imafia-Encinas et al. 2009, Gujarati &
Porter 2011). We ranked the models according
to their statistical results to select the best one.
Thus, scores were assigned for each statistic, in
which the lowest scores were associated with the
statistics with better performance. The best fitted
model was selected for comparison with the
artificial neural networks.

Syx = vVMSE )
Syx= X100 (3)
\%

DA 1 _ n? n—1 4
R*Adj. =1 (1 R)n_K 4)
InAIC = (E) +In (SS—R) Q)

n n

where: MSE: Mean square error; ¥V Mean
aboveground wood volume; R? Adj.: Adjusted
coefficient of determination; R?* Coefficient
of determination; K: equation number of
coefficients; n: number of observations; SSR:
Sum of squared residuals.

Artificial neural network training

We estimated the aboveground wood volume using
different artificial neural network architectures.
The input variables were diameter at breast
height (DBH) and total height, while the output
variable was aboveground wood volume. The
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tree diameter-height relationship is widely studied
and described by mathematical models, and these
metrics are commonly used for aboveground
wood volume estimation, allowing inferences
about forest productivity (Mugasha et al. 2013,
Nascimento et al. 2020, Silveira et al. 2023).
The data (diameter, height and aboveground
wood volume) were normalized using the Min-
Max normalization, which consists of a linear
transformation of the data, homogenizing the
magnitude of the variables (Gorgens et al. 2009,
Yang et al. 2022). In this procedure, the minimum
value of each variable is transformed to zero (0)
and the maximum value to one (1) (Yang et al.
2022), while the remaining values are rescaled to
the interval between 0 and 1 (Yang et al. 2022).

We used 70% of the data for training and 30%
for validation. The dataset was randomly selected
and used consistently across all networks. We fitted
three MLP networks (using different architectures)
and two RBF networks (trained using the k-means
and cOptBees algorithms). MLP networks are
widely used for estimating forest variables and
generally provide robust predictive performance.
This type of network consists of an input layer, one
or more hidden layers, and an output layer (Carrijo
et al. 2020). Thus, we tested different architectures
to identify the best-performing configuration
for aboveground wood volume estimation.
Meanwhile, RBF networks typically include a
single hidden layer. Advances in computational
intelligence have highlighted the importance of
testing alternative training algorithms for RBF
networks, which justifies our evaluation of the
k-means and cOptBees algorithms (Silva Junior
et al. 2018, Soper 2023). ANN training and
validation were conducted using the MatLab®
2010 Neural Network Toolbox. The validation
dataset was used to evaluate and compare the
fitted models and networks.

Training and selection of the MLP
network

We trained three different MLP network
architectures. Each network had a different
number of hidden layers and neurons per
layer. Most practical problems can be solved
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using a single hidden layer, whereas two or
more layers may be required to approximate
discontinuous functions (Braga et al. 2014).
We trained all three architectures using the
resilient backpropagation algorithm, which
shows faster convergence and requires less
memory for training than other algorithms
(Saputra et al. 2017). We fixed the number of
epochs at 500, as this value ensures network
convergence and reduces the error training.
The logistic sigmoid (logsig) activation
function was used for the hidden layer, and
the linear function (purelin) was used for the
output layer.

The input layer of all MLP networks
was designed with two neurons (DBH and
height), and the output layer with one neuron
(aboveground wood volume). The architectural
differences among the networks were related
to the hidden layer design (Silva Junior et al.
2018). Specifically, MLP1 was designed with
one hidden layer and a single neuron, MLP2
had one hidden layer and five neurons; MLP3
comprised two hidden layers, the first with five
and the second with 2 neurons (Figure 3). The
neurons were implemented using the sigmoidal
and linear logistic functions for the hidden
layers and the output layer, respectively.

The estimation accuracy of the artificial neural
networks was evaluated using the mean square
error (MSE) (Equation 6) and the mean absolute
percentage error (MAPE) (Equation 7). The
ANN with the highest accuracy was selected
for comparison with the best-fitting allometric
model and RBF networks.

Research article
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where: Y: Observed aboveground wood volume
value; Y: Estimated aboveground wood volume
value; n: number of observations.

Training and selection of RBF networks

We trained two RBF networks using different
clustering algorithms. We applied the k-means
algorithm (RBF k-means) and the number of
clusters was empirically set to five. We then
implemented the cOptBees algorithm (RBF
BEE), with parameters defined as proposed in
Table 1 (Silva Junior et al. 2018). The activation
function used for RBF training was based on the
multivariate Gaussian function. The radius was
defined using the standard deviation heuristic.
Finally, we evaluated the accuracy of the RBF
networks using MSE and MAPE.

Table 1 Parameters used in the cOptBees algorithm according
to the methodology proposed by Silva Junior et al. (2018).
N is the size of the database.

Parameter Value
Maximum number of clusters N/2
Minimum number of bees 50
Maximum number of bees 100
Percentage of recruiters 90%
Recruitment rate 0.7
Recruited for each recruiter 5
Inhibition radius 0.002

5 cycles without

Stop criterion fitness evolution

Figure 3 Architectural representation of the MLP1 (a), MLP2 (b) and MLP3 (c) networks, in which the input variables are DBH
and H and output variable is V. DBH is diameter at breast height; H is total height; V is aboveground wood volume.
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Comparison of the allometric model and ANNs

We compared the selected best-fitting allometric
model, the best MLP network, and both RBF
networks. We evaluated the models using
root mean square error (RMSE) (Equation
8), Pearson’s correlation coefficient (ry, ¥)
(Equation 9), bias (Equation 10) and percentage
residual analysis based on histograms (Carrijo et
al. 2020, Oliveira et al. 2024).

RMSE = \/ % Y (Yj - ’Yj} ®)

2(\(’?) _EZw(ET)

n

vy = \/M* Vz?z - @} ©

Bias = &

. (10)

where: Y: Observed aboveground wood volume
value; Y: Estimated aboveground wood volume
value; e: Error (Observed aboveground wood
volume value - Estimated aboveground wood
volume value); n: Number of observations.

Results
Forest structure

A total of 514 tree individuals, belonging to 39
species, were included in our analysis. Among
all species identified in the study area, 11 were
identified only at the vernacular level. Overall,
the most abundant species, in terms of number
of individuals were Albizia niopoides (Spruce
ex Benth.) Burkart (151), Machaerium opacum
Vogel (74), and Terminalia argentea Mart.
& Zucc. (33) (Table 2). Together, these three
species accounted for more than 50% of the total
measured trees used in our analysis, indicating a
remnant dominated by few species. Tree diameter
at breast height (DBH) ranged from 3.01 to 10.82
cm, and the total height varied between 1.94 and
13.50 m. Meanwhile, individual tree volume
ranged from 0.0009 to 0.0296 m? across species,
reflecting substantial variability in tree form and

Bee-inspired Radial Basis Function network to....

biomass allocation. The structural heterogeneity
among species and size classes highlights the
importance of evaluating the performance of
different volume estimation methods, as their
accuracy may vary according to tree morphology
and size distribution.

Allometric models

The fitted allometric models (see Table S2,
supporting information) showed substantial variation
in performance across the evaluated criteria.

The adjusted coefficient of determination (R%adj)
ranged from 0.8370t0 0.9556, indicating a generally
strong fit for most equations. The highest R?adj was
found for the Naslund model (0.9556), followed by
Dissescu—Meyer (0.9481), Rezende et al. (2006)
modified (0.9461), and Meyer (0.8971), confirming
their superior explanatory power for tree volume
(see Table S3, supporting information). The Akaike
Information Criterion (AIC) highlighted Meyer as
the most parsimonious model (AIC =4.56 x 107°),
followed closely by the Néslund and Scolforo and
Silva (1993) modified equations. These models
also exhibited the lowest residual standard errors,
with Meyer (Syx = 26.80%) and Néslund (Syx =
26.88%) outperforming the remaining equations.
Residual-DBH scatterplots showed that the best-
performing equations—those with higher R%adj,
lower Syx, and lower AIC—produced narrow
residual bands, low dispersion, and no systematic
trends across the DBH gradient (Figure 4). In
contrast, lower-performing models displayed
increased heteroscedasticity, a tendency toward
over- and underestimation at small diameters, and
occasional extreme deviations in the residuals.

The global ranking of the evaluated criteria
revealed a clear separation between high- and low-
performing equations (Figure 5, see also Table S4
in the supporting information). Naslund, Dissescu—
Meyer, and Meyer consistently ranked among the
top models, whereas the Spurr (arithmetic and
logarithmic forms) and Takata models showed
the weakest performance. These results provide
a strong baseline for subsequent comparison
with machine-learning approaches; therefore, we
selected the Naslund model as the benchmark for
comparison with artificial neural networks.
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Table 2 Summary of the sampled tree species, showing the number of individuals (N) and the minimum and maximum
values of diameter at breast height (DBH), total height, and measured aboveground wood volume.

Species DBH Height Volume

P N Min _ Max Min  Max Min Max
Albizia niopoides (Spruce ex
Benth.) Burkart 151 3.02 9.07 2.64 13.50 0.0017 0.0259
Amburana cearensis (Allemao)
‘A.C.Sm. 3 3.21 5.98 3.24 6.27 0.0021 0.0100
Astronium fraxinifolium Schott 1 5.60 5.60 3.70 3.70 0.0059 0.0059
Byrsonima verbascifolia (L) 14 302 1038 322 620 00009  0.0296
Copaifera langsdorffii Desf. 21 3.02 10.82 3.23 8.90 0.0014 0.0283
Cordiera sessilis (Vell.)
Kunize 12 3.18 7.48 2.95 6.65 0.0014 0.0152
Curatella americana L. 26 3.85 9.55 1.96 5.70 0.0030 0.0252
Diledendron bipinnafum 1 474 474 480 480 00057  0.0057
Eriotheca pubescens (Mart.)
Schott & Bndl. 1 9.23 9.23 6.10 6.10 0.0267 0.0267
Eugenia dysenterica DC. 3 4.14 7.00 3.80 5.26 0.0041 0.0159
Guapira noxia (Netto) Lundell 25 3.06 8.28 3.00 8.78 0.0012 0.0296
Indet 1 4 3.28 5.63 3.59 5.50 0.0017 0.0110
Indet 2 1 5.98 5.98 4.42 4.42 0.0085 0.0085
Indet 3 2 3.49 3.50 3.79 4.90 0.0017 0.0052
Indet 4 2 6.37 7.51 5.80 5.83 0.0090 0.0130
Indet 5 20 3.01 5.79 3.88 10.41 0.0012 0.0134
Indet 6 3 3.79 8.72 4.80 6.20 0.0028 0.0210
Indet 7 2 4.46 4.55 5.95 6.94 0.0060 0.0060
Indet 8 19 3.02 9.87 3.11 7.34 0.0020 0.0264
Indet 9 3 3.44 4.11 2.52 3.18 0.0027 0.0037
Indet 10 2 4.834 4.87 4.65 5.19 0.0035 0.0066
Indet 11 1 4.55 4.55 7.20 7.20 0.0078 0.0078
%,ff;g’lwb"”’” dasycarpum 13 302 796 263 507 00016 00158
Lithraea molleoides (Vell.) 1 837 837 500 500 00198  0.0198

ngl.
Luehea paniculata Mart. 7 3.50 5.98 3.35 5.89 0.0020 0.0072
Machaerium opacum Vogel 74 3.34 10.50 1.94 6.30 0.0022 0.0293
Magonia pubescens A.St.-Hil. 13 3.02 9.14 3.30 6.06 0.0014 0.0284
Maprounea guianensis Aubl. 2 4.30 4.87 342 3.48 0.0048 0.0057
Plathymenia reticulata Benth. 3 4.90 9.96 4.82 5.42 0.0058 0.0290
Psidium firmum O.Berg 3 3.50 5.57 3.71 6.60 0.0023 0.0084
Psidium sp. 2 3.63 5.47 3.81 5.56 0.0019 0.0077
Qualea grandiflora Mart. 1 3.60 3.60 4.60 4.60 0.0028 0.0028
Qualea parviflora Mart. 1 9.26 9.26 6.45 6.45 0.0225 0.0225
Roupala montana Aubl. 8 3.02 8.21 3.75 5.90 0.0015 0.0213
Tachigali aurea Tul. 10 3.60 7.96 2.95 5.21 0.0026 0.0166
Jerminalia argentea Mart. & 33 334 933 330 1349 00018  0.0289
Tocoyena formosa (Cham. &
SchlidL.) K.Schum. 19 3.34 6.40 2.70 6.50 0.0015 0.0117
Wlopia aromatica (Lam.) 5306 406 555 1050 00013  0.0081
Xylopia frutescens Aubl. 2 3.88 5.89 4.79 5.30 0.0035 0.0165
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Figure 4 Residual distribution (%) as a function of DBH for the 18 models fitted to the Cerrado sensu stricto fragment in
Montes Claros, Minas Gerais, southeast Brazil.
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Figure 5 Global ranking of each allometric model according to the evaluated criteria.

Artificial neural networks

The three multilayer perceptron architectures
exhibited similar error magnitudes, indicating
that increasing network complexity did not
translate into meaningful gains in predictive
accuracy (Table 3). MLP3 showed the highest
MSE and MAPE values, suggesting reduced
generalization capacity, possibly associated
with overfitting. Although MLP2 achieved the
lowest MAPE (18.02%), MLP1 combined the
lowest MSE with the simplest architecture,
providing the most efficient balance between
accuracy and parsimony. For this reason, we
selected MLP1 as the representative MLP
model for subsequent comparisons.

The two radial basis function networks showed
nearly identical MSE values (1.7 x 10 for RBF
k-means and 1.8 x 10 for RBF BEE), indicating
stable performance regardless of the training
algorithm (Table 3). The slightly higher MAPE
observed for RBF BEE suggests a marginally
less consistent error distribution across the dataset,
although the difference was not substantial.
Given that the two RBF models rely on distinct
optimization procedures, we retained both to allow
a broader assessment of how algorithmic design
influences predictive performance.
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Table 3 Mean square error and mean absolute percentage
error for MLP and RBF networks trained on data from
a Cerrado sensu stricto fragment in Montes Claros,
Minas Gerais, southeast Brazil.

Network MSE MAPE
MLP1 1.7x 107 18.2275
MLP2 1.8x 107 18.0232
MLP3 2.1x103 21.7332
RBF k-means 1.7x 103 17.7735
RBF BEE 1.8x 107 18.7116

Comparison of the allometric model and
the ANNs

The Nislund model and the three selected
networks (MLP1, RBF BEE and RBF
k-means) showed minor differences in bias
magnitude, error dispersion, and correlation
strength (Table 4). The lowest bias was found to
the RBF_BEE (5.90 x 10°%), followed by MLP1
(1.33 x 10), Néslund (1.40 x 10*) model and,
RBF k-means (1.76 x 10). RMSE values were
nearly identical across all methods (2.06-2.12
x 107%), reinforcing that model choice had little
influence on overall predictive precision.

The selected allometric model and neural
networks revealed a consistent residual structure



Cordeiro et al.

among the methods (Figure 6). Most residuals
were concentrated within the £10% range across
all methods, indicating stable error behaviour
across architectures and the allometric model.
Differences occurred mainly in the tails: RBF
k-means showed a slightly narrower spread,
whereas Nislund and MLP1 exhibited similar
dispersion patterns. These results suggest that
none of the methods introduced substantial
systematic deviations, and that residual behaviour
was robust to changes in modelling strategy.

Residuals (%)

MPLI Sasdumd
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Table 4 Accuracy analysis of the MLP and RBF networks
and the Néslund model for estimating aboveground
wood volume using data from a Cerrado sensu
stricto fragment in Montes Claros, Minas Gerais,
southeast Brazil. RMSE: Root mean square error;
r: Pearson's correlation coefficient.

Methods Bias RMSE r
Naslund : .

Model 1.40x 10* 2.06x 10°  0.944703
MLP1 1.33x10% 2.07x10° 0.944623
RBF BEE 590x10° 2.12x10° 0.941898
RBF § .

Kemeans 1.76 x 10*  2.09x 10°  0.943645

A a

HEF.cOptHers REF.Kmeas

Figure 6 Residual plots for the Néslund model, MLP1, RBF K-means, and RBF_BEE, best fitted to the data from a
Cerrado sensu stricto fragment in Montes Claros, Minas Gerais, southeast Brazil.

MLl

Maslumd

REF.Kmeans

i

Observed (Real)

Figure 7 Observed versus predicted individual-tree aboveground wood volume for the four modelling methods (MLP-L 1, Naslund,
RBF-OptBees, and RBF-Kmeans). The 1:1 line indicates the ideal agreement between measured and estimated values.
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The observed-versus-estimated aboveground
wood volume values (Figure 7) confirmed
the convergence in predictive performance
between the allometric model and the neural
networks. All methods produced strong linear
correlations (r = 0.94) with minimal deviation
around the 1:1 line, indicating that the neural
networks - regardless of architecture or
training algorithm - performed similarly to
the traditional Néslund model in capturing the
underlying volume patterns in the dataset.

Discussion

We assessed whether artificial neural networks
could improve and optimize aboveground wood
volume estimates. Overall, we found that choosing
among MLP1, RBF BEE, RBF k-means, or
an allometric model such as the Néslund model
resulted in only marginal differences in predictive
performance. Predictive behaviour was largely
invariant across methods, suggesting that
model selection may prioritize interpretability,
computational efficiency, or operational simplicity
rather than gains in accuracy.

Forest structure

Overall, most tree individuals in the forest
remnant are concentrated in the 4-8 cm
diameter class (315 individuals), followed
by individuals with diameter lower than 4
cm (155 individuals) and trees with diameter
greater than 8 cm (44 individuals). Usually,
greater biomass stocks in areas of Cerrado
sensu stricto are typically associated with
small-sized trees, as they represent the
majority of individuals in this vegetation
type (Rezende et al., 2006). This structural
pattern and distribution into the remnant are
a real reflection of the vegetation type that
shows great variability. In other words, the
remnant presents a range of diameter—height
combinations which may directly impact the
models fitting (Rezende et al. 2006).

The allometric relationship between DBH,
height, and aboveground wood volume tends
to follow a stable and predictable pattern when
intermediate sizes dominate the dataset. Thus, this
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structure can make estimation task less sensitive to
the choice of modelling method. The low number
of trees in the largest diameter class may constrain
the capacity of neural networks to learn nonlinear
patterns at the extremes, where aboveground wood
volume increases more rapidly and differences
among models typically become more evident
(Sousa et al. 2023). In this scenario, both the
allometric model and the neural networks learn
primarily from the densest region of the predictor
space, which helps explain the convergence in
performance observed across methods.

Allometric models and artificial neural
networks

Classical regression models remain among the
most widely applied methods for estimating
forest variables, such as the aboveground wood
volume in natural forests (Reis et al. 2020).
These methods often achieve high accuracy
because they rely on field-measured data as
predictors (Silveira et al. 2019). Several studies
have reported that the Schumacher-Hall model
typically produces accurate estimates and is
therefore broadly used to predict aboveground
wood volume in natural forests (Gorgens et
al. 2009, Binoti et al. 2014, Sousa et al. 2023).
However, alternative regression models have
also shown strong performance in Brazilian
savanna ecosystems (Imafa-Encinas et al
2009, Bueno et al. 2020) due to the vegetation
idiosyncrasies (Zimbres et al. 2021, Sousa et al.
2023). In our study, the Néslund model yielded
the best performance, corroborating its suitability
for aboveground wood volume estimation in
Brazilian savanna areas (Xavier et al. 2017).
Performing forest inventories is an essential
tool for quantifying and characterizing natural
resources. Nevertheless, this activity requires
highly qualified labor and considerable field
effort, which results in high operational costs
(Silveira et al. 2019, Reis et al. 2020). Over the
years, new approaches have been developed to
optimize forest inventories and dataset processing
(Reis et al. 2020). For example, artificial
neural networks have shown great accuracy in
estimating individual tree height, aboveground
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wood volume, and forest structure classification
(Binoti et al. 2013, 2014, Know et al. 2017).
We also found good results using artificial
neural networks in estimating aboveground
wood volume, confirming the robustness of
this approach. Indeed, previous studies on
forest variables have demonstrated that network
architectures with a single neuron in the hidden
layer can provide reliable predictions (Binoti
et al. 2014). This finding may help explain the
performance of MLP1 in our study.

The architecture of artificial neural networks
is mainly defined by the number of neurons and
hidden layers. RBF networks, whose architecture
may be defined using a clustering algorithm, tend
to be simpler and require fewer parameters than
an MLP network (Cruz et al. 2016, Silva Janior
et al. 2018). In addition, the output of a neural
network neuron is generated by an activation
function, which considers the interaction
between the input values x and the weight vectors
w (Binoti et al. 2014, Karlik & Olgak 2011).

Within this framework, RBF networks rely
on radial basis functions, such as the Gaussian
function, to perform nonlinear mapping (Braga
et al. 2014). The use of a multivariate function
is justified by characteristics such as input data
dimensionality and the grouping process of each
function. In the RBF BEE network, grouping
is determined by variations in the radius value
(Cerqueira et al. 2001, Leon-Delgado et al.
2018). Accordingly, the efficiency of the artificial
neural network architecture depends on the
training algorithm’s ability to determine an exact
or approximate number of groups. For example,
the cOptBees algorithm is characterized by
its capacity to automatically form groups.
Consequently, RBF network training using the
cOptBees algorithm shows as good results as the
MPL networks (Silva Junior et al. 2018).

From a broader methodological perspective,
the accuracy gains in estimations by artificial
neural networks compared to classical regression
models have been confirmed by several studies
(Binoti et al. 2015, Miguel et al. 2015, Nunes
& Gorgens 2016). The RMSE values found in
our study for the regression model and neural
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networks were quite small. Despite the strong
performance of artificial neural networks, none
outperformed the other methods. This same
pattern was observed by Silva Jinior et al. (2018)
when estimating eucalyptus aboveground wood
volume using RBF neural networks. The authors
also found better results using the cOptBees
algorithm compared to random initialization
and k-means algorithms. The application of the
cOptBees clustering algorithm provided similar
estimates for RBF networks in relation to MLP
networks and allometric models.

Our findings indicate that the allometric model
and both artificial neural networks (MLP and
RBF) showed great accuracy and can be used
for predicting forest variables. We observed that
the predictive accuracy obtained by the four
methods was similar. Therefore, we performed
a hypothesis test to evaluate this similarity.
The Wilcoxon test allowed us to infer that the
distribution of errors for all evaluated methods is
statistically equivalent, since the null hypothesis
was not rejected in any case. Several studies
on estimating forest variables describe more
accurate results by using MLP networks, thus
defining this network type as superior (Binoti et
al. 2012, 2015, Reis et al. 2019). Nevertheless,
our findings indicate the RBF network as a viable
alternative, since it has great capacity to adapt to
different datasets (Silva Janior et al. 2018).

Conclusion

The aboveground wood volume estimates
provided by artificial neural networks were
similar to those provided by classical regression
models. The use of artificial neural networks
represents an important advantage, as their
application may optimize field studies by
reducing the sampling effort required to model
development. The RBF trained using the
cOptBees algorithm may be applied to estimate
the aboveground wood volume of native
species, showing to be as accurate as using
MLP networks and allometric models. Further
studies considering the RBF network, as well as
the cOptBees algorithm, should be carried out
in other areas with different vegetation types.
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