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Abstract: Artificial intelligence (AI) seeks to simulate the human ability to reason, make decisions,
and solve problems. Several AI methodologies have been introduced in forestry to reduce costs and
increase accuracy in estimates. We evaluate the performance of Artificial Neural Networks (ANN)
in estimating the heights of Araucaria angustifolia (Bertol.) Kuntze (Brazilian pine) trees. The trees
are growing in Uneven-aged Mixed Forests (UMF) in southern Brazil and are under different levels
of competition. The dataset was divided into training and validation sets. Multi-layer Perceptron
(MLP) networks were trained under different Data Normalization (DN) procedures, Neurons in the
Hidden Layer (NHL), and Activation Functions (AF). The continuous input variables were diameter
at breast height (DBH) and height at the base of the crown (HCB). As a categorical input variable,
we consider the sociological position of the trees (dominant–SP1 = 1; codominant–SP2 = 2; and
dominated–SP3 = 3), and the continuous output variable was the height (h). In the hidden layer, the
number of neurons varied from 3 to 9. Results show that there is no influence of DN in the ANN
accuracy. However, the increase in NHL above a certain level caused the model’s over-fitting. In
this regard, around 6 neurons stood out, combined with logistic sigmoid AF in the intermediate
layer and identity AF in the output layer. Considering the best selected network, the following
values of statistical criteria were obtained for the training dataset (R2 = 0.84; RMSE = 1.36 m, and
MAPE = 6.29) and for the validation dataset (R2 = 0.80; RMSE = 1.49 m, and MAPE = 6.53). The
possibility of using categorical and numerical variables in the same modeling has been motivating
the use of AI techniques in different forestry applications. The ANN presented generalization and
consistency regarding biological realism. Therefore, we recommend caution when determining DN,
amount of NHL, and using AF during modeling. We argue that such techniques show great potential
for forest management procedures and are suggested in other similar environments.

Keywords: araucaria; Atlantic rain forest; total height; forest inventory; artificial intelligence

1. Introduction

The Mixed Ombrophilous Forest (MOF) is characterized by the presence of Araucaria
angustifolia (Bertol.) Kuntze. It is also the most abundant tree species in this particular
ecosystem [1]. Furthermore, it constitutes the upper canopy strata with a dominant charac-
ter in this vegetation type [2]. However, intensive and often indiscriminate harvesting from
past decades culminated in a significant reduction of the original area of this forest. As
a result, the MOF is considered one of the most threatened phytophysiognomy in Brazil [3],
with only about 3% of its original forest formation [4].

In an attempt to conserve the araucaria species, forest management and sustainable
wood use of this species are currently under several legal restrictions. The current scenario
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shows remnants of trees under high competition level, with stagnated growth, low natural
regeneration rate, higher mortality, and a reduction in species diversity [5–8]. Therefore,
incentives to promote the silviculture of the most relevant timber species of MOF and
management practices are needed for the continuous development of araucaria in this
forest formation [9,10]. Such initiatives may support future forest interventions rationally
and sustainably. Furthermore, the timber resources of this specific species are comparable
to other exotic species planted in the country’s southern region, such as loblolly pine
and eucalyptus [9], and the species even shows great potential to be used for recovering
degraded areas [10].

To provide valuable information for managing forests and species, accurate and timely
information on current and future forest attributes is needed. In this sense, tree height is one
of the most important variables for the quantitative assessment of forest stocks [11] and is
commonly used in several silvicultural interventions and management procedures [12,13].
However, despite their importance, tree height measurements are not always available nor
feasible, especially in tropical rain forests environments. Therefore, accurate allometric
equations are required to infer height from easily measurable variables such as the trunk
diameter at the breast height (DBH). Furthermore, such aspects are worth studying because
the available H-D allometric equations show significant variations among forest types and
environments [14].

First outlined by Otto [15], the term ”allometry” is the study of the relationship
of body size to shape, physiology, and behavior in biology associated with differential
growth rates of the parts of a living organism’s body. Tree allometry is represented by
allometric equations in the form of regression models and reflects the empirical relationship
between measurements of parameters that are easily obtained with those that are difficult to
obtain [16]. In the literature, two- and three-parameter H-D functions exist [17]. However,
simple models are particularly useful in even-aged stands with a small number of species
in homogenous stands and specific site conditions. However, mixed forests require more
complex modeling approaches that rely on DBH combined with additional stands and
tree characteristics, such as the height at the base of the crown (HCB) and sociological
position. Therefore, several studies have been evolving in applying statistical techniques
for modeling attributes in forest science. Among them, we can mention, for example, the
approach of Mixed Models (MM) and Artificial Neural Networks (ANN). With MM, it is
possible to increase the accuracy of the estimates due to the possibility of modeling the
structure of the error variance and covariance matrix. In addition, some studies use MM to
express hypsometric relationships [18–23].

ANN is one of the most common modeling techniques with a highly interconnected
structure like a human brain system that emulates the operations and connectivity of
biological neurons [24,25]. There are complex relationships between tree dendrometrical
dimensions to biomass in the natural forest ecosystems. Since the nature of such rela-
tionships in the natural ecosystems is unknowable, the ANN models are expected to be
more accurate than traditional regression models [26]. Additionally, using ANN allows
us to synthesize information in a single network, being advantageous when working with
a large amount of data from different locations, genotypes, climatic conditions, site index,
and silvicultural interventions, among other characteristics of the site that influence the
tree’s growth. With ANN, continuous and categorical variables can be used simultaneously
in a single trained network, reaching accurate estimates.

The use of ANN as an estimate method considering biological relationships has shown
to be promising in the modeling of tree volume [27,28], diameter distribution [29], stem
shape [30], and productivity [31], with emphasis on species such as eucalyptus and teak
in the context of Brazil. Additionally, some studies have demonstrated the applicability
of ANN in modeling tree height in even-aged forests [30] and uneven-aged forests [32,33].
Other ANN investigations have also been applied in MOF to estimate bark thickness [34]
and tree increment [35] of Araucaria angustifolia. However, further investigations are still
needed to reinforce some of these findings and expand the AI applicability, especially
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regarding tree height estimates and encompassing these estimates from data acquired over
different study areas.

The application of models that describe the ability of tree height growth reduces
the cost and time of measurement in the field during forest inventories. Normally, the
height of a group of trees inside the sample plot is measured. Thereafter, this variable
is estimated for the other remaining trees that were not measured due to cost and time
factors. For these reasons, developing suitable height models may be considered one of
the most important elements in forest design and monitoring [36]. Furthermore, the height
allows us to evaluate the regeneration of the species, the productive capacity, and the
forest dynamics.

Sophisticated statistical techniques allow obtaining, in some cases, greater precision
and accuracy of the estimates, implying better prognoses of forest resources. The ANNs
have greater generalizability, less susceptibility to noise and outliers, and the ability to
model non-linear relations unknown to the modeler, among other features [37], compared
to the regression models. However, determining the optimal architecture of ANNs plays
a decisive role in increasing the accuracy of the prediction of the networks. The choice of
activation functions (AF) influences the complexity and performance of ANN related to the
application being ascertained. Özkan and Erbek [38], for an image classification problem,
found better performance for tangent hyperbolic AF than Logistic Sigmoid AF, attributing
this to faster convergence of the learning algorithms associated with this function. For
Carrijo et al. [39], combining the tangent function in the hidden layer and the sigmoidal
function in the output layer presents the best results in a study on predicting energy
potential in Brazilian savanna woodland area.

Data normalization (DN) is also an essential preprocessing step in using ANN. It
is a scaling technique that standardizes the values of all variables from dynamic range
to a specific range, and it has been stated that the application of relevant normalization
techniques can enhance the neural network training, minimizing the bias in the ANN at
the same time it speeds up the process involving the learning of the features covered in the
same scale [40,41].

The general objective of this research is to evaluate the performance of ANN to estimate
the height of Araucaria angustifolia (Bertol.) Kuntze trees. Specifically, we aim to: i. evaluate
the influence of different DN techniques on network training and verify the influence on
increasing NHL; ii. test different AF and to select the best ANN to estimate the height of
araucaria; and iii. compare the ANN estimate with current developed MM methods for the
selected tree species.

2. Materials and Methods
2.1. Study Areas

The study was conducted in areas with a natural predominance of Araucaria angustifolia
(Bertol.) Kuntze in MOF (See Figures S1 and S2 in Supplementary Material), located in
the municipalities of Lages (LGS) and São José do Cerrito (SJC), from the state of Santa
Catarina (SC), and São Francisco de Paula (SFP) in the state of Rio Grande do Sul (RS). All
three study areas are located in the southern region of Brazil (Figure 1).

The climate of these locations, according to the Köppen classification, is humid sub-
tropical, with no dry season, and with temperate summers (Cfb) (Table 1) [42].

Table 1. Climate characteristics of the three study areas.

City State Latitude Longitude Altitude MAT AP

Lages (LGS) SC 27◦49′ S 50◦19′ W 986.8 15.2 1684.7
São José do Cerrito (SJC) SC 27◦39′ S 50◦34′ W 888.0 16.0 1690.0

São Francisco de Paula (SFP) RS 29◦26′ S 50◦34′ W 853.8 15.0 2016.4
SC: Santa Catarina. RS: Rio Grande do Sul. MAT: Mean Annual Temperature. AP: Annual Precipitation.
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Figure 1. Study areas in different locations in southern Brazil.

2.2. Data

The trees were measured by using the intentional sampling in the natural forest,
also known as a non-probabilistic sampling method, which, when used with common
sense by the researcher, allows us to obtain a representative sample with a wide variation
of the studied phenomenon, saving time and financial resources [43]. In this sense, the
sampling contemplated the diameter amplitude of the species in the evaluated sites. A more
detailed procedure of the proposed method was based on previous studies carried out by
Costa et al. [34], Costa et al. [44], Hess et al. [45], and Barbosa et al. [46]. In other words, it
follows the pattern of diameter distribution between the classes.

Each tree’s diameter at breast height (DBH) was measured with a diametric tape and
the height (h) with the Vertex IV hypsometer. In addition, the height at the base of the
crown (HCB) variable was additionally measured. This variable is much easier to identify
and quantify in field surveys of the species compared to the total height. This is due to
the A. angustifolia’s characteristic of occupying the upper stratum of the canopy, making it
difficult to see the uppermost portion of its crown, mainly when the forest contains a high
density of trees, which is the case of most MOF in southern Brazil. On the other hand, the
lower branches (base of the crown) are easily visualized, allowing us to obtain the HBC
with greater precision and accuracy, with the benefit of this variable presenting a high
correlation with the total height. Complementarily, the sociological position of trees in
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the forest was classified as: dominant (SP1): trees located in the upper stratum with high
exposure of the crown to light; codominant (SP2): trees located in the intermediate stratum
with an average exposure of the crown to light; and dominated (SP3): trees located in the
lower stratum with low exposure of the crown to light [47].

The data were divided randomly into two sets: (i) 75% used for training set [number
of trees: LGS = 409; SJC = 84; SFP = 110]; and (ii) 25% used for the test/validation set
[number of trees: LGS = 136; SJC = 28; SFP = 37]. A summary of the descriptive statistical
dendrometric variables in training and validation datasets is shown in Table 2. A similar
concept and strategy of splitting the dataset into training and validation datasets using
ANN were also applied by Barbosa et al. [35], Bourque et al. [48], and Salehnasab et al. [49].

Table 2. Descriptive statistics of dendrometric variable measurements of Brazilian pine.

Variables Data Minimum Mean Maximum Standard Deviation

DBH
Training
[N = 603]

9.9 42.2 97.1 16.2
HCB 3.0 12.8 22.3 3.9

SP 1.0 1.7 3.0 0.8
h 7.2 17.5 25.1 3.4

DBH
Validation
[N = 201]

11.1 42.5 93.0 16.2
HCB 3.2 13.2 20.1 3.7

SP 1.0 1.7 3.0 0.8
h 8.4 17.8 24.8 3.3

DBH: diameter at breast height; HCB: height at the base of the crown; SP: sociological position; and H: height.

2.3. Modeling Using Artificial Neural Networks (ANNs)

ANNs, simulating the functioning of the human brain, are of great importance in
classification, prediction, optimization, and pattern recognition. Interestingly, determining
the optimal architecture of ANNs plays a decisive role in increasing the prediction accu-
racy [50–52]. Therefore, Multi-layer Perceptron (MLP), the most widely used ANN type
for prediction (Figure 2) with only one hidden layer (m), was used to train the data [53],
starting from the Data Normalization (DN), according to Equation (1):

Xequal =
(Xi − Xminimum).(UL− IL)
(Xmaximum − Xminimum)

+ IL (1)

where: Xi is the value to be equalized, Xminimum is the lowest value of the dataset, Xmaximum
is the highest dataset value, UL is the upper limit and IL is the inferior limit.
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This equalization was used to prevent variables of greater magnitude from having
a greater influence on the result [53]. The networks presented the following architectures:
3-m-1, with “m” being the number of Neurons in the Hidden Layer (NHL). The continuous
input variables used were: diameter at breast height (DBH) and height at the base of the
crown (HCB), and the categorical input variable was the sociological position of the trees
(SP1 = 1; SP2 = 2; and SP3 = 3). The continuous output variable was the height (h) of the
A. angustifolia. In the hidden layer (m), the number of neurons varied from 3 to 9 (Figure 3).
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height for Brazilian pine.

Considering that the activation functions of neurons can highly influence the behavior
of the ANN, i.e., how they are interconnected and the weights of those interconnections [38],
identifying a proper activation function could provide a better ability to map data in
dimensions, increasing the expression ability of a neural network model [54]. While linear
functions are particularly used in input and output layers, non-linear activation functions
can be used for hidden and output layers. This non-linear character is very important
for discriminating the feature space’s complex relationships [38]. In this sense, a large
number of possible activation functions have been described in the literature [54–56]. In
the present study, we selected the most common non-linear activation functions logistic
sigmoid [values in the range from 0 to 1] and hyperbolic tangent [values in the range from
−1 to 1] to be tested in the hidden layer [25,38,57], and the identity activation function was
applied in the output layer [25,57].

In training, the ideal number of neurons was set at the Fletcher-Gloss method [58],
given by Equation (2): (

2 .
√

n + n2
)
≤ n1 ≤ (2 . n + 1) (2)

where n is the number of network inputs, n1 is the number of neurons in the hidden layer
and n2 is the number of neurons in the output layer.
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The ANN prediction is possible through the mathematical expression described for
the output of the MLP described in Figure 3, as follows by Equation (3):

Y = g

(
θ+

m

∑
j=1

vj

[
n

∑
i=1

f
(

wijXi + βj

)])
(3)

where: Y = estimation of the value of the dependent variable; Xi = input value of the
i-th independent variable; wij = connection weight between the i-th input neuron and
the j-th neuron of the hidden layer; βj = bias value of the j-th neuron of the hidden layer;
vj = connection weight between the j-th neuron of the hidden layer and the output neu-
ron; θ = bias value of the output neuron; f (.) = hidden layer activation function; and
g(.) = output activation function.

ANN was trained according to the DN evaluated, AF types, and NHL variation.
The maximum amount of NHL defined by the method in Equation (2) sought to avoid
memorizing the input data (over-fitting) or extracting insufficient information in training
(under-fitting). For the training of the ANNs, the neuralnet library was used [59] and is
available in R version 3.4.4. The hyperparameters were selected by default.

2.4. Statistical Criteria

The goodness-of-fit criteria used to assess the ANN performance was based on the
determination coefficient (R2; Equation (4)), the root-mean-square error (RMSE; Equation (5)),
and the mean absolute error (MAE; Equation (6)), the three most common statistics for
model assessment. The mean absolute percentage error (MAPE; Equation (7)) was also
assessed to express relative errors in addition to the t-test between observed and estimated
data. Graphical analysis of residues provided a better assessment of their distribution. All
statistical analyses were performed using R:

R2 = 1− ∑n
i=1
(
Yi − Ŷi

)2

∑n
i=1
(
Yi −Y

)2 (4)

RMSE =

√
∑n

i=1
(
Yi − Ŷi

)2

n
(5)

MAE =
1
n ∑n

i=1

∣∣Yi − Ŷi
∣∣ (6)

MAPE =
1
n

(
n

∑
i=1

[∣∣∣∣∣Yi − Ŷi
Yi

∣∣∣∣∣
])
× 100 (7)

where: Yi is the observed value; Ŷi is the estimated value; Y is the mean of the observed
values; and n, the number of observations.

2.5. Comparison with Other Approaches

In order to test the performance superiority of ANNs in relation to other traditional
estimation methods, the generated ANN, based on the validation dataset, had its precision
and accuracy in terms of total height compared with different approaches proposed by
Ökzan and Erbek [38], which are: Non-linear Regression (NL); Linear Regression with
Dummy Variables (LDV); and Principal Component Analysis with Mixed Non-linear
Regression (PC-MNLR).

3. Results

Considering the variations in data normalization (DN), activation functions (AF), and
number of Neurons in the Hidden Layer (NHL), the goodness-of-fit of the best networks
trained for each structure are shown in Table 3. All investigated architectures presented
a statistic R2 equal or superior to 0.83 for the training set, demonstrating the accuracy of
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height adjustment of A. angustifolia from ANN, given the context of a native uneven-aged
mixed forest. These results also show the contribution of the input variables HCB and SP
and the variable DBH in describing the species’ height variations, especially considering the
heterogeneous nature of the trees in these types of forests in terms of dimensions and ages.
The analysis of the validation set confirms these statements, also presenting accurate values
in terms of predictive capacity. According to the t-test, none of the estimates for the tested
ANN structures differed statistically from the observed values (p > 0.05), demonstrating
the possibility of being applied for the predictions of A. angustifolia height.

Table 3. Precision measures of the studied Artificial Neural Networks (ANN) variations for height
estimation of Brazilian pine.

Data
Normaliza-

tion

Activation
Function in the
Hidden Layer

Architecture ANNs
Training Validation

R2 RMSE MAE MAPE R2 RMSE MAE MAPE t
(p-Value)

[0, 1]
Logistic
Sigmoid

3-3-1 87 0.83 1.42 1.10 6.54 0.80 1.47 1.12 6.54 0.3669
3-4-1 151 0.84 1.38 1.08 6.45 0.80 1.47 1.10 6.46 0.3669
3-5-1 133 0.84 1.37 1.07 6.35 0.80 1.48 1.10 6.44 0.3222
3-6-1 35 0.84 1.36 1.06 6.29 0.80 1.49 1.12 6.53 0.3925
3-7-1 112 0.85 1.34 1.04 6.13 0.78 1.57 1.18 6.94 0.2157
3-8-1 2 0.85 1.33 1.03 6.11 0.79 1.54 1.15 6.82 0.2076
3-9-1 27 0.85 1.33 1.04 6.17 0.78 1.56 1.19 7.18 0.2782

[−1, 1]
Tangent

Hyperbolic

3-3-1 63 0.83 1.42 1.10 6.54 0.80 1.47 1.12 6.54 0.3669
3-4-1 186 0.83 1.38 1.08 6.47 0.80 1.48 1.10 6.47 0.3776
3-5-1 142 0.84 1.36 1.06 6.32 0.79 1.51 1.13 6.62 0.3595
3-6-1 76 0.84 1.36 1.05 6.27 0.80 1.48 1.11 6.43 0.3926
3-7-1 21 0.84 1.35 1.05 6.25 0.79 1.52 1.14 6.78 0.3688
3-8-1 85 0.85 1.32 1.03 6.11 0.78 1.55 1.20 7.13 0.3583
3-9-1 88 0.85 1.32 1.03 6.10 0.78 1.55 1.18 6.91 0.4455

In which ANNs refers to the identification number of the selected network; R2, to the coefficient of determination;
RMSE, to root-mean-square error; MAE, to mean absolute error; MAPE, to mean absolute percentage error; and
the t-test score between observed and estimated data.

Considering the variations in NHL, we observed that around 6 neurons stood out as
the most suitable ANN architecture, considering the results of precision measures in both
training and validation datasets (Table 3).

Adding more neurons in the hidden layer leads to an additional increase of R2 and
error reduction may occur for the training dataset. It is observed that for the validation
dataset, the performance starts to decrease considerably. This indicates the possibility of
over-fitting the model by memorizing properties of the training set that do not serve them
well on the validation set, which leads to a reduction of the generalization ability among
similar input-output patterns [37,57]. This effect of the NLH was observed regardless of
the AF used and the type of DN.

The graphical residual distribution of the best-trained networks considering the num-
ber of 6 neurons in the hidden layer is presented in Figure 4 and is based on both the
Logistic Sigmoid (LS) through DN [0, 1] and the Tangent Hyperbolic (TH) AF through
DN [−1, 1] (ANNLS-35 and ANNTH-76). A good residual dispersion is evidenced, by
proportionality, among over-estimated and under-estimated values across all diametric
classes. Furthermore, based on the dataset evaluated in our study, AF variations (LS and
TH) showed quite a similar accuracy and residues distribution.

Considering the similar behavior of the LS and TH activation functions (Figure 4), and
that there were no significant differences between the observed and estimated values for
any of these variations (Table 3, t-test), the application of the AF is recommended. Therefore,
the LS function was selected since it has more recurrent use [60,61]. Thus, the parameters
of ANNLS–35, represented by the synaptic weights and biases values, are presented in
Table 4. The synaptic weights represent, in synthesis, the network memory from experience
acquired through the presentations of the patterns [62]. Each symbology of Table 4 is
described in Equation (3), in association with the output of the MLP.
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Figure 4. Residual distribution of the best-trained networks (ANNLS-35 and ANNTH-76) to describe
the height of Brazilian pine trees in mixed forests. (a) and (c) correspond to the training set; (b) and
(d) correspond to the validation set.

In Table 5, based on the validation set, the ANN generated in the present can be
compared with different approaches proposed by Costa et al. [63], which are: Non-linear
Regression (NL); Linear Regression with Dummy Variables (LDV); and Principal Compo-
nent Analysis with Mixed Non-linear Regression (PC-MNLR). In summary, lower values
indicate better estimates when analyzing the RMSE, MAE, and MAPE results. As a result,
the ANN is shown to be highly superior when compared to all other methods. Comparing
the residues of ANNLS-35 with NL-SP1, SP2, and SP3, and independent regressions for
each social position, we notice that there is an apparent and significant reduction in the
dispersion of residues in dominant–SP1 (yellow color), codominant–SP2 (red color), and
dominated–SP3 (blue color). Furthermore, the mean absolute percentage error (MAPE)
presented a reduction of up to around 8.4% that can be obtained through the application of
ANN in relation to the traditional approach (NL-SP3), and up to 4%–5% in relation to LDV
and MM.

In practice, this represents the differences between these methods of around 0.46–1.25 m
for height estimates (RMSE), expressing, therefore, a very considerable discrepancy in the
quantification of the tree’s species, which demonstrates the undeniable potential of ANN
techniques if we consider all of the optimal criteria in its structuring. Furthermore, the
graphic distribution of residues reinforces this observation, demonstrating a more uniform
residual distribution for ANN when compared to other methods (Figure 5).
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Table 4. Parameters (synaptic weights and biases) of the Artificial Neural Networks (ANN) selected
to describe the height of Brazilian pine.

Output Description Symbology Parameters *

h [ANNLS–35]

Connection weight between
the i-th input neuron and the

j-th neuron of the hidden layer

w11 3.32816051171092
w12 5.63564847455494
w13 −4.40653201913032
w14 2.68858077614371
w15 −1.68221666104095
w21 −3.24989570960590
w22 −5.77536858770656
w23 3.87689105761618
w24 −1.13376891107571
w25 1.25838992740362
w31 −321.30491714453200
w32 −381.40410414733300
w33 86.20493085148810
w34 88.90641991865460
w35 21.61783043205750
w41 −22.89030349033760
w42 410.83399462375600
w43 0.50990767756676
w44 −125.55254893517100
w45 −36.36394357853860
w51 3.94323030362454
w52 5.80007401299029
w53 −0.78654999414145
w54 0.20965400755131
w55 −0.14330472749885
w61 4.07529360272997
w62 6.59876667861121
w63 −0.08872791410663
w64 −2.17397149230597
w65 0.68803696120158

Bias value of the j-th neuron
of the hidden layer

β1 −3.50954443727372
β2 4.05439213215968
β3 196.62632091995300
β4 −161.28176733076100
β5 −0.68610189401701
β6 −1.58674993359591

Connection weights

v1 −10.01973417076710
v2 −10.27312884996830
v3 0.09861299114926
v4 0.04642360435809
v5 8.18137541276566
v6 −6.94837517016951

Bias value of the output neuron θ 9.71477261782129

* Input variables used were: diameter at breast height (DBH). Height at the base of the crown (HCB). Sociological
position of the trees (SP1 = 1; SP2 = 2 and SP3 = 3).
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Table 5. Performance of different techniques to estimate the height of Brazilian pine trees.

Type Social Position CL b
Validation *

RMSE MAE MAPE

NL a
SP1 1.95 1.55 8.69
SP2 2.71 2.18 12.47
SP3 2.74 2.37 14.97

LDV a SP1, SP2, SP3 D1, D2 2.41 1.93 11.21
PC-MNLR a 2.12 1.78 10.52
ANNLS-35 1.49 1.13 6.57

NL: Non-linear. LDV: Linear with Dummy Variables. PC-MNLR: Principal Component with Mixed Non-linear
Regression. ANNLS–35: Artificial Neural Networks. a Coefficients estimated and defined as described by Costa
et al. [21] and Costa et al. [47]. b Definition of dummy variable. D1: codominant trees. D2: dominated trees.
SP: Sociological Position of tree in the forest. * Validation performed with data (n = 199 observations used) in
diametric amplitude from 11.1 to 86.0 cm. Due to the structures of the compared models.
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Figure 5. Residual distribution of the four compare methodologies using the validation data for
estimating Brazilian pine height. NL: Non-linear (a). LDV: Linear with Dummy Variables (b).
PC-MNLR: Principal Component with Mixed Non-linear Regression (c). ANNLS–35: Artificial
Neural Networks (d). The colors mean the Sociological Position (SP) of the tree in the forest, where:
dominant-SP1 (yellow), codominant-SP2 (red), and dominated-SP3 (blue).

4. Discussion

In this study, using the ANN technique, different combinations of DN, AF, and NHL
were evaluated in relation to their effectiveness in estimating the height of A. angustifolia
trees. Unfortunately, measuring the total height in uneven-aged mixed forests is known to
be difficult, mainly due to the challenge of locating the trees inside closed canopies due
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to visual obstructions, which can lead to high measurement errors [11,32,64]. Therefore,
finding alternative ways of estimating this variable is of great significance.

In this sense, in comparison to the total height, the HCB is a more accessible variable
since it represents the lower portion of the canopy and, thus, is less likely to be obstructed or
misinterpreted. The diameter, a variable highly related to the total height, offers significant
assistance for estimating heights in heterogeneous forests, as proven by the accurate results
of our study. Additionally, the possibility of including quantitative variables (DBH and
HCB) and categorical variables (SP) in the same modeling was made possible due to the
use of ANN in this study. The effect of the sociological position variable on the height
description curve of the species A. angustifolia was previously proven by studies conducted
in southern Brazil [21,47]. In summary, this variable does not require great sampling effort
and brings important contributions to the model.

Another advantage of applying ANN is the ability to model complex and non-linear
interactive relationships between predictor and response variables without statistical as-
sumptions and predetermined mathematical equations [65]. In the case of Multi-layer
Perceptron ANN, the model consists of neurons that contain input, output, and hidden
layers that act in concert to converge on a minimum-error solution [33]. Therefore, there
are countless possibilities for structuring ANN, which influence the final results regarding
the accuracy of the estimates.

The amount of NHL, for example, is considered a sensitive structural parameter
in ANNs, as too few neurons can lead to an under-fitting of the target data and too
many can lead to an over-fitting [66]. Moreover, over-fitted models tend to memorize
all of the data, including unavoidable noise on the training set, instead of learning the
discipline hidden behind the data [67]. That is why identifying the correct amount of
NHL is important, allowing the generation of models that include important singular
information on the pattern of the relationship that is being sought to the model, while
maintaining its generalization capacity, that is, the capacity to produce adequate outputs
for inputs that were not present during training (learning).

For the dataset evaluated in this study, the ideal number of neurons was around 6,
from which the goodness-of-fit criteria of the validation set started to decline, represent-
ing a case of over-fitting. These results reinforce the need for the correct structuring of
an MLP ANN considering the particularities of the investigation, especially in relation to
the complexity of the relationship being represented and the model input variables.

The models’ intercept values are negative, which is not common in traditional height
models. Skudnik et al. [16] highlight that an important difference between the traditional
H-D curves and ANN are the intercept values, which are strictly 0 for all traditional H-D
curves, while for ANN, the y- and x-intercepts can be positive or negative. The main reason
for this is the absence of tree height measurements for trees below the DBH measurement
threshold. Therefore, ANN lacks the proper intercept assumption and should not be used
to model tree heights with diameters below the DBH measurement threshold [32–35].

In our study, both the TH and the LS-assessed AF present a similar behavior, in
the training and validation of the height data of A. angustifolia trees, with satisfactory
accuracy, being suitable to represent the modeled biological relationship. Furthermore,
despite the importance reported by other authors in relation to the NP process, during the
preprocessing step [34,35] in our study, no significant differences were observed between
the performance of the intervals [0, 1] and [−1, 1]. However, these differences are expected
to become more apparent in more complex datasets, especially when working with a greater
number of variables of different natures.

Over the years, neural networks have often been accused of being a “black box”
which hides the relationship between inputs and outputs in the neurons’ weight of its
hidden layers [68,69]. This context reinforces the importance of assigning meanings to
synaptic weights and biases of the ANN as shown in Table 4, analogous to the parameters of
a model, for a clear understanding of the problem in question and the possibility of applying
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the ANN generated in later estimates of the interest variable. Complementary studies are
suggested to explore the range and importance of these values in the future.

Compared with other widely used methodologies in forestry, ANN proved superior
in the height estimates of A. angustifolia, with errors reaching much lower thresholds,
representing a gain in accuracy on a representative scale. Moreover, traditional regression
models present many limitations, including being independent of the range of statistical
assumptions, such as a normal distribution of data and independence of variables, among
others [33]. ANNs also have advantages compared to mixed models since they do not
require calibration of random effects when associated at the plot and/or tree level. The
superiority of ANN observed in this study is consistent with those reported in the literature
for estimating the tree bole volume [24,70,71], bark thickness modeling [72], predicting
relationships between diameter at breast height and stump diameter [73], applied growth
modeling [74,75], and, specifically, for height estimates [30,47,76,77].

Overall, the ANN generated in this study presents biological coherence and might help
reduce prediction bias once the optimal criteria for structuring the network are considered.
Furthermore, this contribution predicts a variable as important as height and collaborates
in the context of araucaria forest management. Therefore, it could also engage in public
areas in the northern part of the country within the Amazon biome, where sustainable
forest management practices are conducted.

5. Conclusion

The DN, the amount of NHL, and the type of AF influence the ANN training process
in terms of estimation and accuracy of heights. Therefore, these steps must be investigated
during the modeling process.

The araucaria heights estimated by ANN showed accuracy in comparison with other
methods. ANN has advantages as it does not depend on the assumption about the relation-
ships between the variables used and allows the use of categorical and numerical variables
in the same modeling. The over-mixed model also has advantages as it does not require
the calibration of random effects when it is associated at the plot and/or tree level.

The ANN generated in our study presents great generalization capacity and consis-
tency regarding biological realism, and its application is readily possible based on the
network parameters (synaptic weights and biases).
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