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Combining Digital Imaging and Artificial Neural Networks for
Individual Volumetric Estimation of Non-Straight Trees
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Abstract
Tree volume models have become an important decision-making tool in forest resources management. The objective
of this work was to create Artificial Neural Networks (ANN) to fit individual tree models from the Brazilian Savanna
(the Cerrado biome), characterized by non-straight and very bifurcated tree stems. Data were collected in two
different areas and through different methods: i) individual tree volume by digital photographs, and also by tree
climbing measurements (both obtained in a non-destructive way); ii) tree volumes measured destructively by the
traditional rigorous cubing procedure after thinning. Data obtained from climbing measurements were compared
with the corresponding tree obtained from digital photographs, resulting in a reasonable operational linear relation
of 0.80. Ten ANN structures were created with different combinations of forestry variables. Five ANN structures
depicted predictive ability results above 0.80. Then, the results obtained by ANN were compared with those
obtained by classic tree volumetric models, once again showing the predictive superiority of ANN. The present study
indicates that tree volume obtained from digital photographs, achieved by popular mobiles, can be safely used for
the estimation of very-non-straight trees from the Brazilian Savanna and demonstrated the greater predictive ability
of ANN in relation to the classic regression-based volumetric models in terms of lower modeling bias.
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1. Introduction

The demand for new technologies in forestry model-
ing is continuous. Part of it is due to the technology’s
needs that meet the estimation of tree variables deter-
mining the wood stock in forest stands. The efficiency
of timber resource exploitations depends on the knowl-
edge about tree growing and harvesting stock, which can
be obtained by measuring and/or estimating the tree’s
traits (Binoti et al. 2012). Besides that, the ecological
influence of functional traits on species persistence in
the Brazilian Cerrado biome remains incompletely under-
stood (De Souza et al. 2022). Forest site productivity
can be understood as the potential of a particular forest
stand to produce aboveground wood volume, referring to
the production unit composed of the site and tree stand
(Skovsgaard and Vanclay 2008). In that sense, tree vol-
ume is an important basis for estimating biomass, carbon

storage, and other factors of interest in forests (Liu et al.
2019), helping the management plan development (Ker-
shaw Jr et al. 2017; Liu et al. 2019) and in the definition
of policies and public strategies (Scolforo et al. 2015).

Recently, prediction techniques with Artificial Neural
Networks (ANN) and satellite images have been world-
wide used as an option for tree stand modeling prediction
(Almeida et al. 2014). Considering the increase in cur-
rent computational capacity, ANN has become a more
interesting option due to its adaptation to different forest
data formats (planted or native) and unexpected variable
behaviors (de Azevedo, et al., 2020; Wang et al., 2023).
The most used ANN for forest measurements are super-
vised ones, since the solution to a given problem occurs
through the repetition of a set of network training. Mc-
Cann et al. (2017) explain that the training of an ANN
aims to reconstruct an original vector and create a pattern.
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Figure 1. Schematic steps elu-
cidating the Materials and Meth-
ods. Part A) depicts the two
datasets (G1 and G2 respec-
tively), which in the first, tree vol-
umes were obtained by two non-
destructive procedures, one by
photo mobiles and the other
by climbing; and in the second
procedure, tree volumes were
obtained by traditional rigorous
tree cubing. Part B) depicts
the analysis performed, wherein
the two datasets were evalu-
ated marginally and combined
aiming for volumetric predictions.
Please refer to the following for
acronyms meanings.

According to Castellanos et al. (2007), the application
of neural networks in biometric techniques, forest inven-
tory, and, forest management allows for greater precision
in production estimates, allowing for different decision-
making. This computational tool used in biometrics and
forest inventory is mostly performed with even-aged for-
est data, improving accuracy in production estimation
(Lacerda et al. 2017). In natural forests, parameters such
as height and diameter at breast height can be tightly
influenced by stem shape (Husch et al. 2002), making
volumetric estimation models a more complex task.

In this context, information on volumetric estimates
on Savannas biomes is still not completely understood,
and this fact is probably due to its great species diver-
sity, high variability among individuals within species and
across ages, as well the great variation in the shape of
tree stem and the crown (Rezende et al. 2006; Colli et al.
2020). The volumetric estimation models in the Brazilian
Savanna commonly use information such as the diam-
eter at breast height (DBH), total height (HT), or base
diameter (Db) through regression models (Rezende et
al. 2006; Rufini et al. 2015) and, more recently, through
artificial intelligence (Lacerda et al. 2017). In general, its
prediction is made by using mathematical tools, such as
allometric equations, which are still scarce and, for some
of those equations, the error distributions have not yet
been reported, making it impossible to assess the bias or
determine whether the assumptions of the homoscedas-
ticity and error normality regression analysis were met
(Roitman et al. 2018).

According to Nicoletti et al. (2015), destructive mea-
surement makes forest measurement activities longer
and more expensive. For the case of individuals with

several bifurcations, this becomes an even more onerous
job, as it demands longer collection time and a larger
number of data to be worked on. As an alternative, non-
destructive tree measurements can be interesting, due it
is less time-consuming, less labor, and have reasonable
reliability. Besides that, especially in biomes with some
degree of degradation, and/or featured biomes having
sparse plant densities, such as World savannas, it is lawly
illegal to thin trees and then measures their biomass. To
bypass it, we can observe some non-destructive, but
highly expensive, measurement technologies being pro-
posed for this purpose, which is great but something
unrealistic for underdeveloped countries belonging to the
Savannas (Brady 2020). We can cite some technologies
being applied, for example, photogrammetry (Berveglieri
et al. 2017), three-dimensional laser scanning (Puliti et al.
2020), and also a method using an electronic theodolite
(Liu et al. 2019), however, most of them require high cost
and professional training.

Digital-image-based tree measurement has been tested
by other researchers (Juujarvi et al., 1998; Dean, 2003;
Han e Dong, 2011) with relative accuracy, safeguarding
the inherent characteristics of each evaluated forest for-
mation. When combined with techniques such as ANN,
can provide a low-cost, expeditious, and safe methodol-
ogy to obtain forestry variables and fit models for volumet-
ric estimation. This work aims to verify the viability of tree
data obtained through the combination of free software
usage and digital images of tree individuals in the field,
in addition to evaluating the efficiency of using artificial
neural networks and classical literature forest volumetric
models to adjust volumetric measurement models in an
area of native vegetation in the Brazilian Cerrado.
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2. Material and Methods

2.1 Sampling sites description

Two dataset sources were used in the elaboration of
this work, named G1 and G2, as presented in Table 1. To
facilitate the understanding of the procedures adopted in
this work, a comprehensive description of this topic was
also graphically summarized in Figure 1-A and 1-B.

Table 1. Location, climate classification, parameters, and
predominant soil of the two datasets areas

Location

G1 G2

Municipality Goiânia Nova Crixás

State / Country Goiás / Brazil Goiás / Brazil

Geographic
coordinates

16° 35’ 42” S;
49° 16’ 45” W

14° 05’ 52” S;
50° 20’ 17” W

Köppen-Geiger
climate
classification

Aw
(Tropical savanna,

wet)

Aw
(Tropical savanna,

wet)

Cerrado
phytophy-
siognomies

Riparian Forest
Transition Zone
between Dense

Cerrado and Cerradão

Mean annual
temperature
(ºC)

23.5 26.5

Mean annual
precipitation
(mm)

1700 1500

Predominant soil Red-Yellow Latosol Plinthosol

Source Cardoso et al. (2014) Santana et al. (2016)

2.2 Data collections in non-destructive and destruc-
tive approaches

Relevant traits of 50 tree individuals were collected,
composing the dataset 1 (G1 group), as follows: DBH
(Diameter at Breast Height, assumed to be 1.30 m from
the ground), and Db (Base diameter), both with the use
of measuring tape; the HT (total height of the individu-
als) and the HS (height of the stem before bifurcating)
using a Haglöf EcII clinometer; and the NS (number of
stems at the height of the DBH). When necessary, a
four-meter ladder was used to obtain measurements on
higher branches. In cases where there was more than

one shaft at the height of the DBH, the equivalent diame-
ter, in centimeters, was calculated from the equation:

DBHEQ =
√

∑
n
i=1 DBH2

i /n,

where “DBHi” represents the individual DBH and “n” rep-
resents the number of stems. In addition, digital pho-
tographs of all these individuals’ trees were taken, con-
taining two 50 cm calibration rods (one at the base and
the other at the top of the individual), to calibrate the mea-
surements made in the ImageJ software (Schindelin et al.
2012). It’s quite easy to use ImageJ, just follow the steps:
load the tree photo in the app by doing <File/Open>;
select the option <Straight> and set the real calibration
rod value; enter the tab <Analyze/Set Scale> and de-
clare the measurements as ”Known Distance”, which
can be in meters or centimeters; after calibration, collect
measurements from the whole tree sections by simply
clicking and dragging. The results are obtained from
the tab <Analyze/Measure>. Figure 2-A illustrates how
the photographs and measurements were taken in the
ImageJ software.

All those previous described tree individuals had their
volume measured twice, besides directly in the field,
through the photos and the ImageJ software; they were
also measured in a by-climbing non-destructive way, us-
ing the Huber’ method (de León and Uranga-Valencia
2013), described in the equation:

V f = ∑
n
i=0 As×L,

in which Vf represents the individual’s final volume, in
cubic meters (m³), L represents the section length, in
meters (m) and As represents the section area, in square
meters (m²), given by:

As =
π×(D 1

2
)

4 ,

which D 1
2
represents the diameter at half the length of the

section, in meters. The results obtained from the two
measurements were compared through correlation test
and simple linear adjustment, presenting the value of R²
(Figure 1-B).

Sequentially, volume measurements were conducted
on the remaining 63 trees within dataset 2 (G2 location),
following a thinning process, utilizing both classical rig-
orous cubing procedures as outlined by Cerqueira et al.,
(2021). Although the procedure used by Cerqueira et
al., (2021) was applied to eucalyptus, it is relevant to
emphasize that it will function technically equally for any
other species. Notably, the de Huber’s method group un-
derwent measurements without the assistance of photo-
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Figure 2. Representation of the
volume measurement via digi-
tal photography analysis, apply-
ing ImageJ software. A) Illus-
tration of photographs; in yellow
the representation of the calibra-
tion rods of 50 cm each. B) Sim-
ple linear regression between
the by-climbing volume (ordered
axis) and the volume by digital
photography (abscissa axis), in
cubic meters. The black dashed
line is the 45° diagonal line; The
blue line is the linear model fit.

graph support. Within this G2 subgroup, comprehensive
tree metrics including DBH, Db, HT, and HS were also
measured. This was done to ensure alignment with the
metrics recorded for the initial tree group, as illustrated in
Figure 1B.

2.3 Non-straight individual tree volume modeling: ANN
× classical regressions

The two groups of data were compared to each other
using Multiple Linear Regressions (MLR) and Artificial
Neural Networks (ANN) procedures (Figure 2-B). The
ANN structures were created by the NeuroForest soft-
ware (Binoti et al. 2013) to generate volumetric models
so that both groups were used for training and for valida-
tion of these models, to test the predictive ability between
them. The predictive ability ryŷ between the real data and
those estimated by the ANNs, in addition to the variance
(S2

yŷ), standard deviation (Sy) and the RMSE% (the Root
Mean of Squared Error, which corresponds to a measure
of bias between predicted and observed data), a metric
used to assess model errors.

The complete set of data was used for modeling
through ANN. Here, the 10-fold validation methodology
was used, in which the data group was separated into five
groups of random individuals (20% of the total sample),
to validate the models generated by 80% of the remaining
individuals, resulting in three groups with 23 individuals
and two groups with 22 individuals. From these results,
the predictive ability between real and estimated data,
variance, and standard deviation were calculated, be-
sides being submitted to the RMSE%. The models 01 to
09 used with ANN the approach are shown in Table 2.

A 10th ANN model was used only including the G1
trees, due to this dataset having information on bifurcation
not completely shown in the G2 dataset. That model
(ANN10) incorporates besides DBHeq, Db, HT, and HS

Table 2. Description of models and variables used in
ANNs for volumetric prediction (output variable for all
models) and the comparison in the validation process
between Groups G1 and G2 (Now using G1 as training
group and G2 as validation, G1→ G2, and G2→ G1)

Model
Input Predictive abilities RMSE (%)

Variable G1→ G2 G2→ G1 G1→ G2 G2→ G1

ANN01 DBHeq, HT 0.732 0.692 8.00% 18.30%
ANN02 DBHeq, HS 0.696 0.863 14.60% 9.90%
ANN03 Db, HT 0.807 0.435 10.20% 23.60%
ANN04 Db, HS 0.802 0.862 9.50% 27.60%
ANN05 DBHeq, Db, HS 0.798 0.759 8.40% 21.60%
ANN06 DBHeq, Db, HT 0.409 0.782 10.20% 14.20%
ANN07 DBHeq, HT, HS 0.729 0.847 7.80% 14.70%
ANN08 Db, HT, HS 0.683 0.374 9.00% 25.50%

ANN09
DBHeq, Db,
HT, HS

0.769 0.721 7.80% 14.70%

S2
yŷ 0.015 0.032 - -

Sy 0.123 0.18 - -

DBHeq = equivalent diameter; Db = base diameter; HT = total height;
HS = height of the shaft. G1 and G2 = data groups; ANN01 to ANN09 =
architecture of the neural networks used; RMSE = Root Mean Squared
Error (%); S2

yŷ = variance; Sy = standard deviation.

the number and height of bifurcations.
To avoid overfitting, it is advisable to use simpler set-

tings when using ANN, with the fewest possible neurons
in the hidden layer. Overfitting can be defined as ex-
cessive learning of the information contained in the data
offered to the network, making them so well trained on
the data set that, in addition to the structural similarity
between the variables, they also end up assimilating the
error in the relationship. Thus, the use of the network is
no longer viable in the entire data sample, as its general-
ization capacity is compromised (Miranda 2016). In this
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study, all ANN created are MLP (multilayer perceptron),
with 2 neurons in the hidden layer and the algorithm used
was backpropagation.

To verify the efficiency of ANNs, the results obtained
were compared with results provided by classical mod-
els adjusted for forest measurement at R free software
(R Core Team, 2015), which also presented the predic-
tive ability between actual and estimated data and the
RMSE%. The Multiple Linear Regression (MLR) models
here used were chosen according to the adjustments
adopted by Ramos et al. (2021), and are presented
in Table 3 (models MLR01 – MLR06). Two personal-
ized models predicting tree volumes were also evaluated
here (MLR07 and MLR08), after using all predictive tree
variables (DBHeq, Db, HT, and HS) in a computational
stepwise variable-selection process. The stepwise pro-
cess was performed at the R pr using the default function
of the base package. Note that, using bifurcation tree
variables, only the G1 dataset was used (MLR08), due to
having this kind of tree predicting variables.

3. Results

The results showed a strong relationship between the
volume measurement performed in the field and using
ImageJ, which was evidenced by simple linear regression
(R² = 0.8; P<0.05) (Figure 2-B). The analysis of the
correlation (Table 2) between groups G1 and G2 showed
a great variation between the data of the two groups since
the predictive ability had its maximum values in ANN03
and ANN09 (0.766 and 0.743 respectively).

The predictive abilities (i.e., correlation analysis be-
tween the actual values and the values generated by the
ANNs) using the 10-fold validation can be seen in Fig-
ure 3A. ANN03, ANN05, and ANN09 networks showed
the best results when compared to the others, reaching
0.851, 0.851, and 0.817, respectively. Through the cal-
culation of the RMSE, it was observed that the errors
generated by ANNs are quite small, with their maximum
values in models ANN10 and ANN03, as shown in Figure
3-B.

Another type of validation was performed by compar-
ing the performance of ANN models trained at dataset
G1 and validated at dataset G2, and also the vice-versa
scheme (results opportunely embedded in Table 2). In-
deed, although expected worse results than the 10-fold
validation, good results were also shown. In that con-
text, the model with the greater predictive abilities was
ANN04. Note that, the predictive abilities between these
two reciprocal validation schemes have not shown great
differences (e.g., on average of all models, 0.714 to G1
→ G2; and 0.704 to G2→ G1), however, the RMSE pre-
dicting the G1 subset using of the G2 shown in average

non-desirables high values (18.90% to G2→ G1 versus
9.50% G1→ G2).

Table 4 presents the data referring to the classic mod-
els used for comparison with the ANNs. Through the
calculation of RMSE, it was observed that the errors gen-
erated by ANNs are small, with their maximum values
in models ANN04 and ANN07, as shown in Figure 3-B.
The maximum predictive ability achieved by the models is
0.952, in MLR08, and 0.951, in MLR07 (Table 4). Despite
the high correlation, the calculation of the RMSE demon-
strates that the errors generated are still high, reaching a
maximum of 54% in the MLR04 model.

Models MRL07 and MRL08 showed similar trends.
We observed in MRL07 a slight tendency to overestimate
and underestimate the volume at lower values (Fig. 4A1).
On the other hand, MRL08 presented a slight tendency
to underestimate the volume at higher values (Fig. 4A2).
Despite this, the residuals were mainly scattered near
zero. The histograms of the residuals showed a higher
frequency in classes close to zero (Fig 4C1 and C2).

4. Discussion

The predictability of any model for unobserved sce-
narios is commonly described by metrics that compare
estimated versus true values (Yang and Huang 2014). As
for the values of the correlation coefficient (i.e., predic-
tive ability), we observed at our datasets and by multiple
permutation evaluations that: r = 0.10 to 0.30 (assumed
weak, i.e., always statistical no-significant); r = 0.40 to
0.60 (assumed as moderate, i.e., sometimes significant);
r = 0.70 to 1.00 (assumed as strong, i.e., always signif-
icant). Based on this assumption, it can be presumed
that the use of data obtained through digital photographs
is valid, since the correlation between real (manual mea-
surement) and ”digital” volumes had a correlation coef-
ficient of 0.89, and when adjusted in linear regression,
presented an R² of 0.80, which shows the assertiveness
of the regression. Simple estimation of stem diameter
and height of isolated trees based on digital image pro-
cessing has already been presented by other authors
(Juujarvi et al. 1998; Zhang and Huang 2009), demon-
strating the feasibility of the method, however, the data
could be applied to the volume estimation.

Thus, the photographic method signals to secure den-
drometry data collection for determining the volume of
trees in the Brazilian Savanna, considering the inherent
difficulties in the evaluation of multiple species large with
variations in shape among individuals. Also, in compar-
ison with other non-destructive methods such as laser
scanning and photogrammetry, it proved to be a low-cost,
quick-to-apply method that does not require advanced
professional training.
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Table 3. Multiple Linear Regression (MLR) models and their respective equations were used for fit comparisons.

Model Model Equation

MLR01 Meyer* v = β0 +β1 DBH +β2 DBH2 +β3 DBH HT +β4 DBH2 HT + ε

MLR02 Naslund* v = β0 +β1 DBH2 +β2 DBH2 HT +β3 DBH Ht2 +β4 H2
T + ε

MLR03 Schumacher & Hall* ln(v) = β0 +β1 ln(DBH)+β2 ln(HT )+ ε

MLR04 Husch* ln(v) = β0 +β1 ln(DBH)+ ε

MLR05 Spurr* v = β0 +β1 DBH2HT + ε

MLR06 Stoate* v = β0 +β1 DBH2 +β2 DBH2HT +β3 HT + ε

MLR07 Proposed model 1 (G1 and G2 tree groups) v = β0 +β1 Hstem
2 +β2 DBH2 HT + ε

MLR08 Proposed model 2 (Only G1 tree group) v = β0 +β1 nstem +β2 DBH2 +β3 DB2 + ε

* For further information about these models, please refer to Souza & Soares (2013); ln( ) = the natural logarithm; v = estimated volume (m³); DBH =
diameter at breast height (or DBHeq when there is any bifurcation - cm); HT = total height of the individual (m); Hstem = stem height of the individual
(m); nstem = número de bifurcações; β0 to β4 = model coefficients.

Figure 3. Validation using the
10-fold validation methodology.
A) Predictive ability of ANNs by
model. B) Bias (or RMSE, in per-
centage – Root Mean Squared
Error) by model between ob-
served and estimated volume.
In both charts, the vertical bars
of intervals are the standard er-
rors of the means. Green bars
are the results depicted using
both G1 and G2 datasets (mod-
els ANN01 – ANN09); The gray
bars are the results depicted
using only the G1 fitted model
(ANN10).

When the data groups (G1 and G2) were compared to
each other, some ANN models had a high predictive abil-
ity, while other neural network architectures had worse
results. This can be explained by the large variation be-
tween tree individuals, even within the same species,
considering their physical characteristics such as trunk
diameter, crown diameter or even total height (Rezende
et al. 2006; Zimbres et al. 2020). Nevertheless, some
ANNs had a predictive ability greater than 0.7, considered
strong. Analyzing the RMSE (%), there was low bias in
certain ANNs, with values of 7.8% (ANN07 and ANN09,
G1→ G2) and 8.0% (ANN01, G1 G2) while other ANNs
showed greater dispersion, reaching values of 27.6% and
25.5% (ANN04 and ANN08, both at G2→ G1 validation,
respectively). The validation process between G2 pre-
dicting G1 provided higher RMSE values, certainly due

to the differences in the dendrometry structure between
these two sets of data, in addition, G2 is a data with
more dispersed ages and higher coefficients of residual
variation.

As for the predictive ability of the ANNs created for
the complete group of data (using the 10-fold validation
scheme), high values were expected and confirmed by
our results, always reaching the range above 0.8, except
for the ANN04 which reached predictive ability of 0.774.
Lacerda et al. (2017) proposed the creation of ANNs for
volumetry in the Cerrado separated by species, obtaining
an even more accurate result regarding the volumes esti-
mated, reaching predictive ability values of up to 0.85 and
0.93, but with large values of RMSE reaching 42.23%
and 54.23% (ANNs created for the species Terminalia
fagifolia (Combretaceae) and Heteropterys byrsonimifo-
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Figure 4. Dispersion of resid-
uals (Ai), the relation between
observed x estimated volume
(Bi), and distribution of classes
of residuals (Ci) for equations.
In green (parts A1, B1, and
C1) are depicted the proposed
model; and in orange (parts A2,
B2, and C2) the model with im-
age data only.

lia (Malpighiaceae), respectively), demonstrating the low
RMSE values achieved in this work. Ribeiro et al. (2011),
adjusting ANNs to predict carbon stock in a clonal Euca-
lyptus grandis plantation, reached efficiency values of the
models of up to 0.98 and RMSE of 2.94%, demonstrating
the great accuracy achieved by ANNs for situations of
planted forests, contrasting with the great challenge pre-
sented in the volumetric estimation of very-crooked and
bifurcated trees. In this sense, the present study brings
relevant contributions through the combination of digital
imaging and ANNs for this purpose.

The results obtained by the classic volumetric models
demonstrate the efficiency of ANNs for volumetric calcula-
tions, although MRL models presented always higher pre-
dictive ability, above 0.90, they showed reasonable RMSE
values (ranging between 23.32% and 54.09%). Rezende
et al. (2006), when comparing volumetric models for indi-
viduals from the Cerrado, found R² values between 0.94
and 0.98, demonstrating a great fit of these models to
the data collected even considering the large variation
in shape among individuals from this biome. Also, found
errors of up to 30%, which can make the model impracti-
cable for use in different data sources. In this study, the
model generated also presented a predictive ability of
only 0.386, which corresponds to a moderate strength
correlation.

Using Schumacher & Hall and Spurr models, both
in their logarithmized forms, for three different regions
of Cerrado sensu stricto, Rufini et al. (2015) obtained
satisfactory results for the volume with bark, reaching
R² values between 93.21% and 98.74%, demonstrat-
ing that these models can be viable. The single-entry

Hohenadl-Krenn volume model was tested and selected
by Santos et al. (2021) for a dataset of nine represen-
tative species of the Cerrado sensu stricto, presenting
a better distribution of residues and reaching a R² value
of 99,97 %. While Silva et al. (2009), state that there
are no major differences in terms of bias between the
results obtained by the Schumacher & Hall model and
the ANNs. Furthermore, it states that there is no risk
in using the Schumacher & Hall model in its linearized
form. This result is also confirmed in this study, since the
Schumacher & Hall model (MLR03) obtained only 0.941
of predictive ability, but with RMSE% equal to 52.26%.
The personalized models performing in this work (MLR07
and 08) also showed good results.

Going further, Bueno et al. (2020) estimated the pa-
rameters for 20 volumetric models for five species of fruit
trees native to the Cerrado, including the Meyer, Spurr,
and Stoate models, replicated in this study, obtaining R²
values of 0.68, 0.95 and 0 .68, respectively, and standard
error of 0.50, 0.19 and 0.50, respectively, demonstrat-
ing acceptable adjustments, with emphasis on the Spurr
model, which obtained the best results. Indeed, the floris-
tic variability of the Cerrado is enormous (Ferreira et al.
2021). In the Bueno et al. (2020)’ work, the same mod-
els achieved results of predictive ability of 0.933, 0.929,
and 0.911, and RMSE varying between 40.5%, 41.7%,
and 47.2% respectively for the same models (MLR01,
MLR05, and MLR06). Such difference in results can be
explained by the greater variety of species used in this
work, totaling 25 native Cerrado species.

When estimating the total wood volume for an area
of Cerrado through linear regression involving the basal
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Table 4. Statistics of fit and precision for modeling individ-
ual volume (m³). Are shown the Betas, predictive ability
and RMSE of the classic regression-based models.

Model βi Estimate S.E. p-value RMSE RMSE% ryŷ

MLR01

β0 -7.49E-03 1.18E-02 0.530

0.0137 40.465 0.933
β1 -2.41E-04 3.06E-03 0.930
β2 2.45E-04 1.78E-04 0.170
β3 5.46E-04 1.41E-04 <0.001
β4 -9.25E-06 9.50E-06 0.330

MLR02

β0 -5.33E-03 3.26E-03 0.100

0.0129 38.081 0.941
β1 5.46E-04 6.28E-05 <0.001
β2 -7.49E-05 1.93E-05 <0.001
β3 1.28E-04 3.56E-05 <0.001
β4 -3.06E-04 2.07E-04 0.142

MLR03
β0 -8.2974 0.306 <0.001

0.0177 52.257 0.919β1 1.8194 0.147 <0.001
β2 0.4497 0.133 <0.001

MLR04
β0 1.85E-02 1.92E-03 <0.001

0.0183 54.090 0.878
β1 2.65E-05 1.37E-06 <0.001

MLR05

β0 -1.63E-02 5.02E-03 <0.05

0.0141 41.671 0.929
β1 3.43E-04 4.38E-05 <0.001
β2 -5.90E-07 3.35E-06 0.86
β3 3.86E-03 8.07E-04 <0.001

MLR06
β0 -7.9332 0.300 <0.001

0.01603 47.189 0.911
β1 2.0058 0.142 <0.001

MLR07
β0 1.79E-03 1.62E-03 0.273

0.0118 34.940 0.951β1 7.29E-04 9.73E-05 <0.001
β2 2.24E-05 8.10E-07 <0.001

MLR08

β0 -1.22E-02 2.42E-03 <0.001

0.0065 23.322 0.952
β1 5.44E-03 1.19E-03 <0.001
β2 2.34E-04 3.23E-05 <0.001
β3 6.38E-05 1.54E-05 <0.001

βi : β0 to β4 = model coefficients.; ryŷ = Predictive Ability; S.E. = Standard
Error; RMSE = square root mean error; RMSE% = square root of the
mean percent error; MLR01 to MLR06: classic models used; MLR07
and MLR08: proposed models.

area of individuals and vegetation indices Miguel et al.
(2015) calculated through satellite images, and standard
error of 12.34%, while the ANNs obtained a standard
error of 6.01%, suggesting the greater fit of ANNs when
compared to models based on linear regression.

From the results obtained, it can be observed that the
use of photographs to obtain dendrometric variables is vi-
able, contributing to the establishment of non-destructive
methodologies in forest measurement. This one stands
out for being a low-cost methodology, since it doesn´t
need a lot of manpower and material resources, and with
good accuracy compared to others such as photogram-
metry and lidar. It is noteworthy that the use of calibration
rods is essential for the accuracy of the method, since
without them there are no parameters for measurement

in the software. It is also highlighted that both ANNs and
MLR procedures generate accurate models for volumetric
estimation for trees of different species from the Brazilian
Savanna, although ANN showed greater potential against
MLR in terms of lower bias estimation.

5. Final Considerations

The application of Artificial Neural Networks (ANN)
underscores their efficacy in modeling individual tree
characteristics within the unique context of the Brazil-
ian Savanna. Particularly suited for the estimation of tree
volume, ANN proves especially advantageous in cap-
turing the nuances of non-straight and bifurcated tree
stems characteristic of this biome. The emphasis on
non-destructive measurements highlights the practical
benefits of this approach, showcasing its efficiency in
terms of time and labor when compared to traditional
destructive methods. Utilizing techniques such as digi-
tal photography enables accurate tree volume estimates
without causing harm to the trees, exemplifying the util-
ity of modern technologies in environmentally conscious
forestry practices.

The dependable estimation derived from digital pho-
tographs, captured through widely accessible mobile de-
vices, affirms the feasibility of using this method for esti-
mating volumes in the intricate landscape of very-irregular
trees in the Brazilian Savanna. This approach not only
proves cost-effective but also democratizes the process,
making tree volume estimation accessible to a broader
audience. Through rigorous comparison with conven-
tional volumetric models, the study substantiates the
superior predictive capabilities of ANN over regression-
based volumetric models, underscored by its ability to
minimize modeling bias.
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autômatos celulares. Rev Árvore 36:931–940

Brady NC (2020) Making agriculture a sustainable indus-
try. In: Sustainable agricultural systems. CRC
Press, pp 20–32

Bueno LP, Medanha JTR, Rodovalho RS, de Castro VGS
(2020) Modelagem volumétrica para frutı́feras do
cerrado / Volumetric modeling for cerrado fruit.
Mirante 13:39–54

Castellanos A, Martinez Blanco A, Palencia V (2007)
Applications of radial basis neural networks for
area forest.
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