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THE ESTIMATION OF THE HEIGHT OF SEEDLINGS OF Tibouchina granulosa COGN.
(MELASTOMATACEAE) IN ARTIFICIAL NEURAL NETWORKS
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ABSTRACT

This study aimed to evaluate the estimation efficiency for seedlings height of Tibouchina granulosa in terms of
root collar diameter (RCD), under different substrate compositions, using Artificial Neural Networks (ANN).
We selected 72 seedlings produced in plastic tubes for transplanting in 25-L buckets. The experiment was
established in a completely randomized design with three repetitions, constituted of four substrate compositions.
Each experimental unit was composed of six seedlings. At 13 months of age, the RCD and total height (H) of all
seedlings were measured. We trained 200 ANN to estimate H, being 100 Multilayer Perceptron (MLP) and 100
Radial Basis Function (RBF). The variables used as input to ANN for estimating seedlings height numerical
(RCD and H) and categorical (T: Substrate 1 - T1; Substrate 2 - T2; Substrate 3 — T3, and Substrate 4 — T4). The
ANN modeling using MLP architecture is appropriate and accurate to estimate seedlings height of Tibouchina
granulosa.

Key-words: Artificial intelligence; Hypsometric Relationships; Urban vegetation.

ALTURA DE MUDAS DA Tibouchina granulosa COGN. (MELASTOMATACEAE) ESTIMADA
POR REDES NEURAIS ARTIFICIAIS
RESUMO

O objetivo do presente trabalho foi avaliar a eficiéncia da estimacéo da altura de mudas da Tibouchina granulosa
em funcdo do didmetro do coleto, sob diferentes composicGes de substrato, empregando Redes Neurais
Artificiais (RNA). Foram selecionadas 72 mudas produzidas via tubetes para a repicagem em baldes de 25 litros.
Adotou-se delineamento experimental inteiramente casualizado, com trés repeticdes, sendo os tratamentos
constituidos por quatro composicdes de substrato. Cada unidade experimental foi composta por seis mudas. Aos
13 meses de idade foram mensurados o Diametro a Altura do Coleto (DAC) e a altura total (H) de todas as
mudas. Foram treinadas 200 RNA para estimar a H, sendo 100 Multilayer Perceptron (MLP) e 100 Radial Basis
Function (RBF). As variaveis utilizadas como entrada das RNA para estimagdo da altura das mudas foram
numeéricas (DAC e H) e categorica (T: Substrato 1 — T1; Substrato 2 — T2; Substrato 3 — T3 e Substrato 4 — T4).
Conclui-se, assim, que a modelagem por RNA utilizando arquitetura MLP ¢é adequada e precisa para estimar a
altura de mudas da Tibouchina granulosa.

Palavras-chave: Inteligéncia artificial; Relagdes hipsométricas; Vegetacao urbana.
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INTRODUCTION

Urban afforestation provides social, ecological, and
aesthetic benefits to populations (ROCHA et al.,
2004). It requires a prior planning to avoid damage
to sidewalks, underground pipelines, buildings, and
aerial electrical networks (GONCALVES et al.,
2004). The use of plants adequate to urban
afforestation is essential, and the seedling size can
influence the urban design.

The production of seedlings for landscaping is a
sustainable activity that seeks to increase green
areas in cities, avoiding heat islands and providing
more pleasant environmental conditions for the
urban residents (ROSSATO et al., 2008).

The characterization of the height and diameter of
seedlings is an important step to determining the
tree volume, which assists the dimensioning of
groves and best places for tree planting in urban
areas.

Tibouchina granulosa Cogn. (Melastomataceae) is
widely used in urban landscapes in Brazilian cities.
It is popularly known as “quaresmeira” that has
tolerance to direct light and hardiness (CEZAR, et
al., 2009). In addition, quaresmeira may be
indicated for afforestation of narrow streets and
under aerial electrical networks, improving air
quality due to the ability of their crowns in reducing
particulate matter (LOPES et al, 2005; ZAMPIERI
etal., 2013).

Generally, measurements of the tree trunk
diameters are usually easy and quick to obtain,
however, the tree height is more time consuming
and therefore more taxing for data collection. The
relationship between the diameter and the height of
plants is called hypsometry (CAMPOS; LEITE,
2009). The use of hypsometric equations is frequent

and in the search for new options for efficient and

safe estimation of height, artificial intelligence
stands out. Artificial Neural Networks (ANN)
represent a new approach for the development of
predictive models able to learn complex patterns
and data trends, even if they are not normal
(HAYKIN, 2001; SCRINZI et al., 2007).

The RNA are computer models that simulate the
structure and processing of the human nervous
system, establishing mathematical relationships
between dependent and independent variables
(GORGENS et al., 2009; MAEDA et al., 2009).
The network architecture influences the processing
of input data, allowing linear approximations or not
in the medium layer (LAFETA et al., 2012). The
most common architectures have the basis of radial
(Radial Basis Function or RBF) and the multiple
layers (Multilayer Perceptron or MLP).

The performance of RNA has been superior to
regression models vis-a-vis its own characteristics
of adaptability of the weights of the connections to
environmental modifications, fault tolerance and
noises, neurobiological analogy, complex problem
solving, and learning skills (BINOTI et al., 2010;
BINOTI, 2010).

A report of the RNA can be evaluated by
coordination of a type of cross-validation ratio-
emotion designated as validation method
(HAYKIN, 2001). It is based on the non-portioning
of the dataset into subsets mutually exclusive,
where part of the data is used in training and the
rest, in test and validation. This procedure is
important to test the capacity to classify correctly
patterns not included without training, and,
therefore, in the definition of the network with
better generalization capacity (FERNANDES et al.,
2004).
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Studies on hypsometric relationships and advanced
statistical techniques can assist in establishing
practical criteria for urban afforestation. Thus, this

work aimed to evaluate the efficiency of estimating

MATERIALS AND METHODS

The experiment was conducted in an open
environment in the nursery of seedlings of Instituto
Federal de Educacdo, Ciéncia e Tecnologia de
Minas Gerais — Campus Sdo Jodo Evangelista,
Minas Gerais State, Brazil (IFMG/SJE) at
22°16’13” S lat; and 54°48°20”W long. The climate
of the region is temperate rainy-mesothermal and
classified as Cwa (Koppen system), with dry
winters and rainy summers. The annual average
rainfall is 1,400 mm and the average annual
temperature of 21°C (BRAGA et al., 1999).

We selected 72 seedlings of Tibouchina granulosa
produced in tubes for transplantation to 25-L
buckets. The seedlings were healthy, free of injuries
caused by phytopathogens and with a length of 20-
25 cm.

The experimental design was completely
randomized with three repetitions, and treatments
were T1 — Substrate 1 (79.2% of subsoil earth,
10.0% of coal waste, 10.0% of commercial
substrate, 0.13% of osmocote 19:6:10 and 0.67% of
NPK 6:30:6). T2 — Substrate 2 (73.54% of subsoil
earth, 7.33% of coal waste, 18.33% of commercial
substrate, 0.13% of osmocote 19:6:10 and 0.67% of
NPK 6:30:6). T3 — Substrate 3 (49.87% of subsoil
earth, 49.33% of aged cow manure, 0.13% of
osmocote 19:6:10 and 0.67% of NPK 6:30:6). T4 —
Substrate 4 (49.60% of subsoil earth, 24.80% of
commercial substrate, 24.80% of aged cow manure,
0.13% of osmocote 19:6:10 and 0.67% of NPK

6:30:6). Each experimental unit was comprised of
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the height of seedlings of Tibouchina granulosa in
terms of diameter of the samples in different

substrate compositions, using RNA.

six seedlings. At 13 months of age, the samples
were measured at root collar diameter (RCD) and
total height (H) of all seedlings.

The training of an artificial neural network, also
called learning, consists of iterative adjustment of
network parameters (weights and bias) through a
learning algorithm (MAEDA et al., 2009). In this
process, the training data (set of examples) are
presented to a pre-established architecture, that is, a
certain number of arrangements of neurons in
layers.  The training  algorithm  extracts
characteristics to represent the data provided and
perform a certain task. The variables used as input
of RNA for estimating the height of seedlings were
numeric (DAC (m) and H () and categorical (T:
1-T1;2-T2;3-T3and 4 — T4).

Feedforward networks were used, trained through
backpropagation algorithm of error, that is, during
the network training, we performed calculations
from the input layer of the network to the output
and the error propagated to previous layers. In all
pre-processing, we performed on standardization
and equalization of the data. The data were divided
into training groups (80.0% of the samples), test
(10.0% of the samples) and validation (10.0% of
samples) using the random sampling method.

We trained 200 RNA to estimate H, being 100
Multilayer Perceptron (MLP) and 100 Radial Basis
Function (RBF). We used the heuristic model
backward elimination, as described by Cerqueira et
al. (2001). From these RNA, we selected one of
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each type based on deviations of the estimated and
observed values. One of the most common
problems encountered in training RNA is the
overfitting. Seeking to avoid it, the training of the
networks was interrupted when the error started to
increase, in accordance to BRADSHAW et al.
(2002) and MAEDA et al. (2009).

The optimal number of medium layers and neurons
per layer, generally, is not known a priori. Once
defined architecture and learning parameters, the
ANN is trained in an iterative manner
(BLACKARD; DEAN, 1999). Therefore, the
definition of architecture was optimized networks
in the tool Intelligent Problem Solver (IPS) of the
software Statistica 7.0 (STATSOFT, 2007).

RESULTS

The nets showed non-linear activation functions in

medium layers (Table 1). The sigmoidal behavior

on output layer was observed only in MLP. The

The points that extrapolated the general trend of
each treatment were not eliminated to check the
capacity of ANN to deal with outliers or noises.
The assessment of accuracy and precision and the
comparison of networks training was carried out
according to the criteria defined by Lafeta et al.
(2012). The criteria were based on relative error,
root of the mean square error (RMSE), bias (Bias),
the paired t-test at 5.0% of statistical significance,
and analysis of scatter charts and distribution
percentage frequency of residual percentages.

The training, the test and validation of the networks
were carried out with the aid of software Statistica
7.0 (STATSOFT, 2007).

training phase of networks with MLP and RBF

architecture had 20 and 182 cycles, respectively.

Table 1. Characterization of Artificial Neural Networks (ANN) for seedlings height estimation of the Tibouchina

granulosa for urban landscape.

Activation Function

RNA n Architecture _

Medium Output
MLP 72 5-11-1 Exponential Logistic
RBF 72 5-12-1 Gaussian Identity

MLP = Multilayer perceptron. RBF = Radial Basis Function. n = number of observations.

The average values of RMSE for MLP and RBF
were of 9.01% and 12.52%, respectively (Table 2).
In general, during the training we observed low

RMSE and Bias. We observed larger ranges of

relative errors in RBF at all stages of processing.
The observed and estimated data were statistically
similar to each other by t-test in both networks
built.
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Table 2. Accuracy of Artificial Neural Networks (ANN) for seedlings height estimation of the Tibouchina

granulosa for urban landscape

Relative Errors (%) t test
RNA Phases RMSEq, Biasy,
Maximum Mean Minimum p
Training 8.21 -0.15 29.46 0.85 -15.14 0.8902
MLP Test 9.94 3.20 12.80 -2.16 -11.17 0.3989
Validation 8.89 -0.52 29.15 2.33 -11.40 0.8818
Training 9.08 0.00 43.45 0.96 -16.74 0.9993
RBF Test 11.93 0.55 24.78 1.07 -12.72 0.9060
Validation 16.55 -5.17 73.60 9.96 -3.76 0.4141
MLP = Multilayer perceptron. RBF = Radial Basis Function.
The networks had few noises as they assumed as observed data for the selected networks are shown
outliers data lines that, after processing, presented in Figure 2. The networks generated statistically
estimate of H higher than 2.0 units of standard similar estimates. Although we observed a
deviation relative to the corresponding observed disadvantage with the loss in accuracy as the RCD
data (Fig. 1). The MLP network showed of the seedlings decreased.

homogeneity of variances. The estimated and

Figure 1. Representation of the residual dispersion percentage due to root collar diameter (RCD) and error
classes for Artificial Neural Networks (ANN) constructed to estimate seedlings height of Tibouchina granulosa

for urban landscape. MLP = Multilayer perceptron. RBF = Radial Basis Function
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Figure 2. Seedlings height estimation of Tibouchina granulosa for urban landscape by MLP network. MLP

(Multilayer perceptron) and RBF (Radial Basis Function)
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DISCUSSION

The observed non-linear trend in both networks
(Table 1) provided capacity to the successive layers
to solve higher-order problems in input space
(BRAGA et al, 2007). The MLP and RBF
networks generated global and local receptive
fields, respectively. The RBF network expressed
greater complexity vis-a-vis the largest number of
neurons in the medium layer. The definition of the
architecture of networks, that is, the number of
layers and the number of neurons per layer are
optimized in the IPS tool.

Due to complexity to relate the diameter and height
of seedlings under different substrate compositions,
the precision of the networks was considered
satisfactory. Although the MLP network showed a
good training and a worse validation, the RMSE
and Bias varied slightly between the processing
phases and the relative range errors were low
(Table 2). Therefore, this performance was not
excessive

necessarily  generated by an

RBF

RCD (mm)

memorization of training data. This corroborates
with the lack of statistical significance in the paired
t-test and the use of a limited number of cycles in
the network. We applied to early interruption
technique and standardization of data as heuristics.
The heuristic allows an approximation of the
optimal (SOARES et al, 2011;
STATISTICA, 2007). However, the small number

of cycles may have compromised the performance

solution

and computational capacity of the RBF network,
featuring an underfitting (HAYKIN, 2001), because
RBF between the

processing phases (training, test, and validation).

showed greater variation
The MLP network presented a simpler architecture
(fewer neurons in the medium layer), fewer
deviations and bias, expressing best learnability
(Fig. 1). The MLP architecture builds global bonds,
being composed of an input layer, one or more
medium layers and an output layer (SOARES et al.,
2011). Although few noises were observed, the
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capacity to deal with outliers in the adjusting
process of its weights through a learning algorithm
was proven (Fig. 2). These deviations were evenly
distributed between the observations.

A disadvantage observed was the loss in accuracy
as the RCD of the seedlings decreased, mainly in
the RBF network. The total variance of
experimental trials is attributed in part to factors
controlled by known and independent causes.
Besides, other uncontrolled factors of random
nature, therefore they are not flawless (LAFETA et
al., 2012).

The network with MLP architecture showed
capacity to capture the realism of biological data,
learn and generalize the knowledge assimilated to a
set of unknown data non-used during training, or
test and validation sets (Fig. 2).

The capacity of generalization and connectivity of
the MLP architecture allowed to use only one
network to perform simultaneous estimation of the

height of seedlings of Tibouchina granulosa

CONCLUSION

Artificial neural networks modeling with Multilayer
Perceptron (MLP) architecture proved to be

appropriate and accurate to estimate the height of
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