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ABSTRACT

Prediction models may contribute to data analysis and
decision-making in the management of a crop. This study aimed
to evaluate the feasibility of predicting the yield of ‘Prata-
And’ and ‘BRS Platina’ banana plants by means of artificial
neural networks, as well as to determine the most important
morphological descriptors for this purpose. The following
characteristics were measured: plant height; perimeter of the
pseudostem at the ground level, at 30 cm and 100 cm; number
of live leaves at harvest; stalk mass, length and diameter; number
of hands and fruits; bunches and hands masses; hands average
mass; and ratio between the stalk and bunch masses. The data
were submitted to artificial neural networks analysis using the R
software. The best adjustments were obtained with two and three
neurons at the intermediate layer, respectively for ‘Prata-Ana’ and
‘BRS Platina’. These models presented the lowest mean square
errors, which correspond to the higher proximity between the
predicted and the real data, and, therefore, a higher efficiency
of the networks in the yield prediction. By the coefficient of
determination, the best adjustments were found for ‘Prata-Ana’
(R?=0.99 for all the network compositions), while, for ‘BRS
Platina’, the data adjustment enabled an R? with values between
0.97 and 1.00, approximately. Yield predictions for ‘Prata-Ana’
and ‘BRS Platina’ were obtained with high efficiency by using
artificial neural networks.

RESUMO

Predi¢do da produtividade de bananeiras
‘Prata-And’ e ‘BRS Platina’ por redes neurais artificiais

Modelos de predicdo podem contribuir para a analise de
dados e tomada de decisdes no manejo de uma cultura. Objetivou-se
avaliar a viabilidade da predicao de produtividade de bananeiras
‘Prata-Ana’ e ‘BRS Platina’, por meio de redes neurais artificiais,
bem como determinar os descritores morfologicos mais importantes
para este fim. Foram mensurados a altura de planta; perimetro do
pseudocaule ao nivel do solo, a 30 ¢ 100 cm de altura; nimero de
folhas vivas na colheita; massa, comprimento e didmetro do engago;
numero de pencas e de frutos; massa do cacho e das pencas; massa
média das pencas; e relagdo entre a massa do engago e do cacho.
Os dados foram submetidos a andlise por redes neurais artificiais,
utilizando-se o software R. Os melhores ajustes foram obtidos com
dois e trés neurdnios na camada intermedidria, respectivamente,
para ‘Prata-And’ e ‘BRS Platina’. Esses modelos apresentaram
os menores erros quadraticos médios, o que corresponde a maior
proximidade entre os dados preditos e os reais, e, por conseguinte,
maior eficiéncia das redes na predi¢do da produtividade. Pelo
coeficiente de determinacdo, verificaram-se os melhores ajustes
para ‘Prata-And’ (R? = 0,99 para todas as composi¢des de rede),
enquanto, para ‘BRS Platina’, a adequacao dos dados possibilitou
R? com valores entre 0,97 e 1,00, aproximadamente. Previsdes de
produtividade para ‘Prata-Ana’ e ‘BRS Platina’ foram obtidas com
alta eficiéncia por meio de redes neurais artificiais.

KEYWORDS: Musa spp., mathematical models, rural planning.

INTRODUCTION

The future challenges of banana farming as a
species of high importance in global food security
will be shaped by its ability to maintain, or even

PALAVRAS-CHAVE: Musa spp., modelos matematicos,
planejamento rural.

increase, its productive potential and, at the same
time, maximize its predictability for the most diverse
consumer markets (Soares et al. 2014, Silva et al.
2019). Among the studies on models to describe
phenomena and elucidate unknowns, most of them
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attempt to correlate morphological and physiological
data with the productive potential of genotypes at the
end of the crop cycle (Guimaraes et al. 2019).

The selection of robust tools has been a
priority and, therefore, several studies have proposed
alternatives to describe plant growth and behavior,
especially with complex characteristics that are
difficult to measure in the field (Azevedo et al. 2015,
Guimaraes et al. 2018, Gemici et al. 2019).

Even with the implementation of these
methods, few studies involve the development of
models for predicting yield based on phenotypic
data obtained in early stages of banana development
(Ogunsua et al. 2019). Prediction methods generally
allow an early assessment of crop yield to improve
agricultural planning and management, as well as
the appropriate allocation of resources. Thus, it must
be considered that the establishment of accurate
prediction models ensures the early analysis of
genotypes of greatest interest, enabling resource
optimization (Soares et al. 2014).

The development of prediction models based
on morphological characters using artificial neural
networks (ANN) was able to predict the yield
of cactus pear with high accuracy (Guimaraes et
al. 2018). Azevedo et al. (2015) also reported a
significant mathematical adjustment when evaluating
the potential of using estimators for indirect
selection against flowering through six predictive
characteristics in lettuce.

In corn, Soares et al. (2015) evaluated the
performance of ANN in the prediction of yield based
on morphological variables and evidenced a high
predictive capacity due to the strong correlation
between the estimated values and the real grain
yield data obtained in field experiments. Similarly,
Azevedo et al. (2017) estimated kale leaf areca with
high efficiency for genotype selection in breeding
programs. Soares et al. (2014) developed a model to
predict yield in ‘Maga’ banana fruits using the ‘BRS
Tropical’ (AAAB) hybrid by ANN and regression
equations, and Guimardes et al. (2013) for ‘Prata’
bananas (AAB and AAAB) using regression equations.

Prediction models can contribute to data
analysis and decision making management, in
addition to optimizing time in assessments and
resources allocated to research programs. However,
there is a lack of models for predicting the yield of
‘Prata’ bananas, a group that includes the most planted
cultivars in Brazil, by means of morphological

characters and ANN. Therefore, this study aimed
to evaluate the feasibility of predicting the yield
of ‘Prata-Ana’ and ‘BRS Platina’ bananas using
ANN, as well as to determine the most important
morphological descriptors for this purpose.

MATERIAL AND METHODS

The experiment was conducted at the Instituto
Federal Baiano, in Guanambi, Bahia state, Brazil
(14°13°30S, 42°46°53”W and altitude of 545 m,
with average precipitation and annual temperature
of 660 mm and 26 °C, respectively). The data were
collected from 2008 to 2011 and the statistical
analyzes carried out in 2020.

The soil of the experimental area is originally
classified as Latossolo Vermelho-Amarelo, medium
texture (Santos et al. 2018), which corresponds to an
Oxisol (USA 2014).

The studies were developed with cultivars
of the ‘Prata’ type: ‘Prata-Ana’, triploid (AAB);
and the hybrid ‘BRS Platina’, tetraploid (AAAB).
For evaluating vegetative and yield characteristics,
98 ‘Prata-Ana’ and 96 ‘BRS Platina’ plants were
randomly sampled for both cultivars, considered as
replicates. These plants were originated from a field
planted with micropropagated seedlings (spacing
of 3.0 x 2.5 m), with conventional fixed sprinkler
irrigation using under-canopy sprinklers. The
planting and management recommendations followed
Rodrigues et al. (2015).

The following characteristics were evaluated at
the harvest time: plant height (cm), linear dimension
between the soil surface and the leaf rosette, using an
analog measuring tape; perimeter of the pseudostem
at the ground level, at 30 cm and 100 cm, using a
measuring tape; number of live leaves (unit), counting
directly in the field, considering the leaves with more
than 50 % of the leaf blade in green coloring as alive.

As yield descriptors, were considered the stalk
mass (kg), length (cm) and diameter (mm), obtained,
respectively, with the aid of a digital scale, analog
measuring tape and mechanical caliper. The numbers
of hands and fruits were counted at the harvest time,
followed by determining the bunch (kg) and hands
(kg) masses, with a digital scale. The average hands
(kg) mass was evaluated by dividing the hands total
mass by the number of hands, and the relationship
between the masses of the stalk and the bunch by
dividing the values of these characteristics.
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For data normalization and network
implementation, the data were subjected to analysis
by artificial neural networks (ANN), using the
R v. 3.5.1 software (R Core Team 2018) and its
corresponding packages. For the ANN training
phase, both for the input (plant height; perimeter of
the pseudostem at the ground level, at 30 cm and
100 cm; number of leaves at harvest; stalk mass,
length and diameter; number of hands and fruits;
average hands mass; and relationship between the
stalk and bunch masses) and output data (hands
and bunch masses), normalizations were performed
in the interval between zero and one, using the
normalizeData function of the Stuttgart Neural
Network Simulator (RSNNS) package (Bergmeir &
Benitez 2012).

After normalization, and in order to certify
the quality of the model, the data were randomly
segmented into two samples: training and validation,
using 80 % of the data for the first, which corresponded
to approximately 78 and 77 basic units of ‘Prata-Ana’
and ‘BRS Platina’, respectively; while, for the second
sample, 20 % of the data were employed for network
validation, which represents approximately 20 and
19 basic units for the ‘Prata-Ana’ and ‘BRS Platina’
cultivars, in that order. Neural networks with multi-
layers (Multi-Layer-Perceptron - MLP) were used,
with the mlp function of the RSNNS package trained
with back propagation algorithm and a learning rate
of 0.1 (Bergmeir & Benitez 2012).

The training periods were arbitrated in 500
cycles with the logistic and linear sigmoid functions
to activate the intermediate and output layers,
concomitantly. In order to select the most appropriate
network architecture, ten network formats were
tested, with 1, 2, 3, ..., 9 and 10 neurons in the middle
layer. Each model was tested 100 times, so that the
randomly assigned free weights would enable the
selection of the best result in response to the lowest
mean of the mean square error in the validation
sample (Soares et al. 2014).

Then, with the best network architecture
selected in the first stage, 1,000 new trainings
were carried out. This procedure is performed to
maximize the efficiency of the process and reduce
the computational effort, avoiding countless training
sessions for each network composition. Additionally,
the relative importance of the input data was obtained
through the garson function (NeuralNetTools
package) by the Garson (1991) method, in the

R software, according to a study proposed by
Guimaraes et al. (2018).

Finally, the predictive capacity of the networks
was tested by the regression analysis of the predicted
yield with that observed in the validation data. With
the regression model defined, the point of intersection
at the origin of the Cartesian plane was fixed and the
significance of the slope of the line was considered
by the t test. We observed as null and alternative
hypothesis the probabilities that the slope of the
model is equal to or different from 1, respectively.
In this situation, if the coefficient of determination
is high and the slope of the line does not differ from
1, so the efficiency in the prediction process can be
assumed.

RESULTS AND DISCUSSION

For the ‘Prata-Ana’ cultivar, it was observed
that the yield characteristics associated directly with
the bunch, such as the stalk mass and length, followed
by the hands and bunch masses, showed the highest
variation coefficients, with values of 27.93; 23.16;
22.88; and 22.95 %, respectively (Table 1). These
same characteristics showed the highest variations
for ‘BRS Platina’, as it follows: 21.72; 18.80; 22.46;
and 23.35 %. The stalk diameter, number of hands
and fruits were the characteristics with the least
variation, with values of 11.13; 10.97; and 14.30 %,
respectively, for ‘Prata-Ana’, and 9.76; 11.64; and
16.60 % for ‘BRS Platina’, in that order (Table 1).

Still based on the yield descriptors, intermediate
variation coefficient values were found for the stalk
and bunch mass ratio and for the average mass of
hands, with variation coefficient values of 16.31 and
18.02 % for ‘Prata-Ana’ and 15.70 and 19.69 % for
‘BRS Platina’, respectively (Table 1). The vegetative
variables perimeter of the pseudostem at the soil
level, at 30 and 100 ¢cm from the soil were similar
between the cultivars, in terms of variability, with
variation coefficient of 11.59-12.63 % for ‘Prata-
Ana’ and 9.54-10.61 % for ‘BRS Platina’ (Table 1).
On the other hand, the number of live leaves at
harvest and the plant height showed, respectively,
the highest and the lowest variations among the
vegetative characteristics, with 16.21 and 10.35 %
for ‘Prata-Ana’ and 9.81 % and 17.36 % for ‘BRS
Platina’ (Table 1).

By the Pearson’s correlation (r), it was found
that the descriptors of yield bunch mass and hand
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Table 1. Descriptive analysis of vegetative and productive characters.

‘Prata Ana’
PH PPSL PP30 PP100 NLH SM SD NH NFR RSBM ABM BM HM
MIN 250.00 74.00 65.00 48.00 9.00 1.13  20.00 38.00 9.00 123.00 7.48 1.34 1338 12.06
MED 33524 112.77 98.80 78.01 13.89 2.84 38.61 7328 1094 182.88 10.64 217 26.62 23.79
MAX 418.00 138.00 122.00 96.00 19.00 5.20 74.00 86.00 13.00 238.00 15.72 332 40.10 36.49
SD 3469 1425 1145 9.14 2.25 0.79 894 8.15 1.20 26.15 1.74 039 6.09 546
CV (%) 1035 1263 11.59 11.72 16.21 2793 23.16 11.13 1097 1430 1631 18.02 22.88 2295
‘BRS Platina’
PH PPSL PP30 PP100 NLH SM SD NH NFR RSBM ABM BM HM
MIN  250.00 74.00 51.00 52.00 6.00 1.58 28.00 42.00 7.00  77.00 5.69 1.33 10.88  9.28
MEAN 348.14 107.78 9293 7233 10.84 2.56 43.08 68.51 8.34 128.61 10.74 2.59 24.14 21.59
MAX 462.00 131.00 114.00 91.00 16.00 3.77 73.00 81.00 12.00 191.00 16.63 478 40.58 38.27
SD 34.16 10.29 9.39 7.67 1.88 0.56 8.10 6.69 0.97 21.35 1.69 0.51 542 5.04
CV (%) 9.81 9.54 10.11 10.61 17.36 21.72 1880 9.76 11.64 16.60 1570 19.69 22.46 23.35

PH: plant height; PPSL: perimeter of the pseudostem at the soil level; PP30: perimeter of the pseudostem at 30 cm; PP100: perimeter of the pseudostem at 100 cm;
NLH: number of leaves at harvest; SM: stalk mass; SL: stalk length; SD: stalk diameter; NH: number of hands; NFR: number of fruits; RSBM: ratio between the stalk
and bunch masses; ABM: average bunches mass; BM: bunch mass; HM: hands mass; MIN: minimum values; MEAN: mean values; MAX: maximum values; SD:

standard deviation; CV: coefficient of variation.

mass were positively associated (p < 0.05) with
the characteristics average hand mass and stalk
mass for the evaluated cultivars. However, as the
evaluating of these characteristics destroys the plant,
the measurement is limited and of low practical
application (Guimaraes et al. 2013).

On the other hand, the morpho-agronomic
characters perimeter of the pseudostem (soil, 30
and 100 cm) and number of hands and fruits,
besides being easily obtained in the field by direct
measurement and counting, showed significant
correlation coefficients with parameters related
to yield, with r values equal to 0.76; 0.70; 0.69;
0.70; and 0.74, respectively, for ‘Prata-Ana’; and
0.75; 0.64; 0.74; 0.60; and 0.74, in that order, for
‘BRS Platina’ (Table 2). Additionally, it is worth
considering that the perimeter of the pseudostem can
be measured at the time of flowering, as, from the
change from the vegetative to the reproductive stage,
the perimeter of the pseudostem no longer undergoes
variation and/or an increase in its dimension, what
allows the prediction of yield up to four months in
advance using this feature (Guimaraes et al. 2013).

These results differ from the values found by
Soares et al. (2012), who worked with the Tropical
cultivar and observed a correlation between yield and
perimeter of the pseudostem and number of fruits
per hand, with values of r equal to 0.025 and 0.471,
respectively. However, the associations between
agronomic descriptors (r) do not allow inferring
about cause and effect relationships involving a set

of characteristics, what makes it necessary to use
more robust tools for the unfolding of prediction
inferences. In this context, ANN are highly efficient in
predicting various phenomena (Azevedo et al. 2015,
Aquino et al. 2016a, Aquino et al. 2016b, Azevedo
et al. 2017, Guimaraes et al. 2018).

The prediction capacity of the model can
be linked to the maximum and exhaustive number
of trainings in the network, in favor of the most
robust, adequate and accurate architecture (Soares
et al. 2014). For this purpose, ten ANN models
were evaluated, with one to ten neurons in the
intermediate layer, to predict the yield for the two
banana cultivars (Figure 1). The performance of the
network architectures was measured by the mean
quadratic error (Figures 1A and 1C) and by the
coefficient of determination (R?) (Figures 1B and
1D). The combinations with two and three neurons
in the intermediate layer provided the best network
structures for the ‘Prata-Ana’ (Figures 1A and 1B)
and ‘BRS Platina’ (Figures 1C and 1D) cultivars,
respectively.

The lowest mean square error values (Figures
1A and 1C) represent the highest proximity between
the predicted and the actual data, and, therefore,
the highest efficiency of the networks in predicting
yield. For the R?, adequate results were verified for
the two cultivars; however, ‘Prata-Ana’ showed the
best adjustments - with R? of approximately 0.99 for
all the network compositions (Figure 1B). For ‘BRS
Platina’, the data adequacy enabled a high-magnitude
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Table 2. Pearson’s correlation estimates between vegetative and productive traits for ‘Prata-Ana’ and ‘BRS Platina’ bananas.
Pearson’s correlations
‘Prata-Ana’

PH PPSL PP30 PP100 NLH SM SL SD NH NFR RSBM ABM BM HM
PH 1.00 0.72%*% 0.68**  0.69*%* 0.26*  0.57** 0.33** 0.39%* 0.58*%* 0.58** 0.12 0.48** 0.64** 0.63**
PPSL 0.72*%*% 1.00 0.94%*%  0.89%* 0.41** 0.68*%* 036%* 0.58** 0.76%* 0.79** 0.11™ 0.51*%* 0.76** 0.75%*
PP30 0.68*%*  0.94** 1.00 0.91%* 0.39%* 0.64*%* 0.30** 0.57** 0.73*%% 0.76** 0.11™ 0.46** 0.70** 0.69**
PP100 0.69%*  0.89*%* 0.91** 1.00 0.32%*  0.65%*  0.32*%* (0.56%* 0.67** 0.72*%*  0.16™ 0.47¥* 0.69*%* 0.67%*
NLH 0.26*  0.41** 0.39**  0.32*%* 1.00 0.29**  0.09=  0.29** 0.35** 0.37** 0.01™ 0.24*  0.35%* (0.35%*
SM 0.57*%*%  0.68** 0.64**  0.65%* 0.29** 1.00 0.50%* 0.78%*% 0.71**  0.74*¥*  0.57** 0.57** 0.82%* (.77**
SL 0.33*%% 0.36** 0.30** 0.32™ 0.09™ 0.50**  1.00 0.15  0.24*  0.26* 0.43%*%  0.28%* (.35%* (.32%*
SD 0.39%*  0.58%* 0.57**  0.56%* 0.29** 0.78*¥*  0.15 1.00 0.63**  0.64%*  0.38** 0.48** 0.69%¥* 0.66**
NH 0.58*%*% 0.76** 0.73**  0.67** 0.35** 0.71** 0.24* 0.63** 1.00 0.95%%  0.22*  0.28** 0.70%* 0.68**
NFR 0.58** 0.79*%* 0.76%*  0.72*¥* 0.37** 0.74*%*  0.26%* 0.64** 0.95** 1.00 0.22*%  0.36%*  0.74*%*  0.72%*
RSBM  0.12®  0.11™  0.11™ 0.16™  0.01™ 0.57** 0.43** (038** (022*% 0.22% 1.00  -0.22*  0.02 -0.06™
ABM 0.48** 0.51** 0.46%* 047** 0.24 0.57*%  0.28*%* 0.48** 0.28** 0.36%* -0.22* 1.00 0.87**  0.88**
BM 0.64** 0.76*%* 0.70%*  0.69** 0.35** 0.82** 0.35** 0.69** 0.70** 0.74** 0.02~ 0.87** 1.00 1.00**
HM 0.63*%*  0.75%* 0.69%*  0.67** 0.35%* 0.77%*  0.32%* 0.66%* 0.68** 0.72** -0.06™ 0.88** 1.00¥* 1.00

‘BRS Platina’

PH PPSL  PP30 PP100 NLH SM SL SD NH NFR RSBM ABM BM HM
PH 1.00 0.59%*% 0.55%* 0.65%* 0.30%* 0.45%* 0.03=  0.47*% 0.29*%* 041** -0.12% 0.41** 0.49%*% 0.48**
PPSL 0.59%*% 1.00 0.78%*%  0.84** 0.56%* 0.66** 0.07™ 0.72%¥* 0.57%% 0.71** -0.20%* 0.58*%* (.75%* (.73%*
PP30 0.55%*% 0.78** 1.00 0.80** 0.48** 0.51** -0.11*  0.74*%* 0.51** 0.66%* -0.22%* 0.49** 0.64*%* 0.63**
PP100  0.65%* 0.84** 0.80** 1.00 0.52*%* 0.66%*  0.02  0.68** 0.62%¥* 0.74*%*% -0.18*%*% 0.54%* (.74*%* 0.73**
NLH 0.30%*%  0.56** 0.48** 0.52*%* 1.00 0.35%*%  -0.17*  0.47** 0.51*%*% 0.59%* -0.31** (039%* 0.53*%* (.53**
SM 0.45%% 0.66** 0.51** 0.66** 0.35** 1.00 0.45%% 0.66%* 0.39%% (0.53**  031*%* 0.57%% 0.71** 0.65%*
SL 0.03" 0.07 -0.11*  0.02 -0.17*  045* 1.00 -0.01™ -0.18*% -0.14* 0.51*%*% 0.13*  0.08"  0.04™
SD 0.47** 0.72%¥*  0.74*%*%  0.68** 0.47** 0.66** -0.01™ 1.00 0.58**  0.68%* -0.11*  0.49** 0.68%¥* 0.66**
NH 0.29% 0.57*%% 0.51**  0.62*¥* 0.51*%% 0.39** -0.18* 0.58 1.00 0.90%*% -0.32%* 0.21** 0.60%* 0.60**
NFR 0.41%% 0.71**  0.66%* 0.74*%* 0.59** 0.53** -0.14* 0.68 0.90** 1.00 -0.36%*  0.41%*  0.74%*%  0.73**
RSBM -0.12* -0.20* -0.22* -0.18* -0.31** 0.31** 0.51*%* -0.11 -0.33%*  -0.36%*  1.00  -0.44*%* -0.42%* -0.49%*
ABM 0.41%*  0.58%* 0.49%* 0.54** 0.39%¥* 0.57** 0.13* 0.49** 0.21* 0.41**  -0.44** 1.00 0.90**  0.90%*
BM 0.49%% 0.75%*  0.64** 0.74%% 0.53** 0.71**  0.08™  0.68** 0.60** 0.74*%* -0.42** 0.90** 1.00 1.00**
HM 0.48**  0.73*¥*  0.64*%* 0.73** 0.53*¥* 0.65%*  0.04™ 0.66%¥* 0.60*%* 0.73** -0.49%* 0.90** 1.00** 1.00

PH: plant height (cm); PPSL: perimeter of the pseudostem at the soil level; PP30: perimeter of the pseudostem at 30 cm; PP100: perimeter of the pseudostem at 100 cm;
NLH: number of leaves at harvest (unit); SM: stalk mass (kg); SL: stalk length (cm); SD: stalk diameter; NH: number of hands; NFR: number of fruits; RSBM: ratio
between the stalk and bunch masses; ABM: average bunch masses; BM: bunch mass; HM: hands mass. **, * and ™: significant at 1 %, significant at 5 % and not

significant (p > 0.05), respectively, by the t test.

R?; however, with values between 0.97 and 1.00,
approximately (Figure 1D).

For ‘Cavendish’ bananas, Ogunsua et al.
(2019) selected the best adjustments for the prediction
of damage to fruits and hands masses with 18; 16;
8; and 12 neurons in the hidden layers, in which
the lowest mean predictive error was recorded with
0.811;0.581;0.412; and 0.450 and R? 0f 0.76; 0.96;
0.86; and 0.88, respectively, with four variables in
the input layer - amount of thermal energy transfer,
maturity stage; minimum temperature and maximum
temperature. In the study, the authors affirm that
the practical application of these models will allow
commercial banana producers to estimate the fruit
yield, skin maturity, relationship between the fruit

pulp and skin, as well as injuries from sunburn and
damage caused by thrips.

For Soares et al. (2015), the best adaptation
of neurons in the intermediate layer, pre-established
during the training phase, should consider an
arrangement with more than two neurons with the
progressive addition in the adjustable layer, in order
to select the best architecture, in response to the
lowest mean square error in the validation sample.
However, this process is not linear and does not
always favor the performance of the model, as it
varies according to the phenomenon or is unknown to
be elucidated (Soares et al. 2014, Azevedo et al. 2015,
Aquino et al. 2016a, Aquino et al. 2016b). Silva et al.
(2010) add that increasing neurons in ANN ensures
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Figure 1. Estimates of mean square error (MSE) (A and C) and coefficient of determination (R?) (B and D) obtained considering
different numbers of neurons in the intermediate layer (NNIL) for the ‘Prata-Ana’ and ‘BRS Platina’ banana cultivars.
Deviations refer to the lower and upper limits to the 95 % confidence level obtained by bootstrap, with 10,000 simulations.

the memorization of the studied data, but does not
decode the interrelationships between the input and
output layers - an operation called overfitting.

Observing the relative importance of the
predictive characteristics, weighted by the Garson
method (Garson 1991), the perimeter of the
pseudostem at 100 cm in height is more relevant
(Figures 2B and 2D), with a contribution of 25
and 16 % in the yield for ‘Prata-Ana’ and ‘BRS
Platina’, respectively. The relative importance of this
characteristic also showed a linear association with
yield, as determined by the coefficient of correlation
(Table 2), which, in this case, showed significant
values. Among the vegetative characteristics, the
plant height and number of live leaves at the harvest
showed the smallest relative contributions to estimate
the yield of the two cultivars (Figures 2B and 1D).
On the other hand, the characteristics stalk length,
diameter and mass expressed the lowest values of
relative importance (Figure 2).

Figure 2 shows the parameters of the model
with the best performance to predict yield in the

‘Prata-Ana’ (Figures 1A and 1B) and ‘BRS Platina’
(Figures 1C and 1D) cultivars, involving the main
production components. To test the efficiency of the
prediction model, the estimated yield was compared
with the yield observed through the input variables
destined to the validation sample. Thus, the ANN
model was successful due to the similarity between
observed and predicted data, as tested for ‘Prata-Ana’
and ‘BRS Platina’, with R? values greater than 0.99
for both cultivars (Figure 2A).

The analysis of the correlation and regression
coefficients and the relative information of the
evaluated characteristics made it possible to construct
the models of yield prediction for ‘Prata-Ana’ and
‘BRS Platina’ (Figure 2). The selection of models
and the proof of their efficiency for generalization
of ANN occurred in response to the R? and the
non-significance (p > 0.05) of the t test for the null
hypothesis of the slope of the line (Ho: b=1).

Neural networks with R? 0f 0.70 and 0.65 were
adjusted for ‘Prata-And’ (Figures 3A, 3B and 3C) and
‘BRS Platina’ (Figures 3D, 3E and 3F), respectively.
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Figure 2. Graphical representation of the yield prediction quality of ‘Prata-Ana’ and ‘BRS Platina’ bananas by artificial neural networks
for the validation sample considering all the evaluated characters (A) and relative information (B) obtained by the Garson
(1991) method for the agronomic parameters. PH: plant height; PPSL, PP30 and PP100: perimeter of the pseudostem at
the soil level, at 30 cm and 100 cm, respectively; NLH: number of live leaves at harvest; SM, SL and SD: stalk mass,
length and diameter, respectively; NH and NFR: number of hands and fruits, respectively; RSBM: ratio between the stalk
and bunch masses; ABM: average bunch mass (kg plant™). Deviations refer to 95 % confidence intervals, obtained by the

BCa bootstrap, with 10,000 simulations.

In these models, were considered characteristics
that are easy to measure in the field, and that can be
measured at the time the inflorescence is emerging,
about 120-150 days before the harvest for cultivars of
the ‘Prata’ type (Donato et al. 2016), what facilitates
scheduling the harvest and forecasting delivery by
the producer (Guimardes et al. 2013), such as the
perimeter of the pseudostem at 30 and 100 cm and
the number of hands for both cultivars.

In order to obtain an estimate for the ‘Prata-
Ana’ bananas yield with higher predictive capacity,
higher accuracy and in line with the practicality of
obtaining them in the field, were tested, with data
from the validation sample, the morphological
components associated with the characteristics with
higher relative information, higher correlations and
based only on the easily measured characteristics for
‘Prata-Ana’ and ‘BRS Platina’.

However, the best adjustments were associated
with characteristics with the highest correlation
coefficients and the largest relative information, with
R? values equal to 0.99 for both cultivars (Figure 2).
Thus, for the first model, 12 characteristics were
used (Figure 2); while, for the second one, a reduced
model was considered with only three predictive
characteristics that are easy to measure in the field,
with R? values equal to 0.70 and 0.65, respectively,
for ‘Prata-Ana’ (Figures 3A, 3B and 3C) and ‘BRS
Platina’ (Figures 3D, 3E and 3F).

Considering the models with variables that are
easy to measure in the field, an expressive adjustment
was observed to predict yield, with R? of 0.85 and
0.79 for ‘Prata-Ana’ (Figures 4D, 4E and 4F) and
‘BRS Platina’ (Figures 4D, 4E and 4F), respectively,
using the characteristics plant height, perimeter
of the pseudostem at the soil level, stalk diameter
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Figure 3. Prediction of ‘Prata-And’ and ‘BRS Platina’ bananas yield (kg plant!) by means of agronomic characteristics (PP30
and PP100: pseudostem perimeter at 30 and 100 cm from the ground, respectively; NH: number of hands) (A), relative
information (B) obtained by the Garson (1991) method and topology of the network (C) with two and three neurons in
the intermediate layer, for the respective genotypes, by artificial neural networks. Deviations refer to 95 % confidence
intervals, obtained by the BCa bootstrap, with 10,000 simulations.

and number of fruits. The model estimates provide
significant results through the relationship between
observed and predicted data for the ‘Prata-Ana’
(Figure 4A) and ‘BRS Platina’ (Figure 4D) cultivars.

Similarly to the present study, the high
performance of ANN in obtaining agronomic

estimates has been confirmed in several studies (Binoti
et al. 2013, Soares et al. 2014, Soares et al. 2015,
Aquino et al. 2016a, Aquino et al. 2016b, Miguel et
al. 2016, Gemici etal. 2019, Vitor etal. 2019). Among
the reasons associated with the efficiency of the ANN
models, there is the average predictive error of less
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Figure 4. Models for predicting the ‘Prata-Ana’ bananas yield (kg plant™) by artificial neural networks, considering the characteristics
with the highest relative information (A), the highest correlations (B) and the models based only on the variables of easy
measurement in the field (C), for the ‘Prata-Ana’ and ‘BRS Platina’ cultivars. PH: plant height; PPSL: perimeter of the
pseudostem at the soil level; SD: stalk diameter; NFR: number of fruits.

than 10 %, which ensures the predictability of the
phenomena (Vendruscolo et al. 2017).

The predictive capacity of mathematical
models based on morphological characteristics by
ANN have been attested in several crops, such as
Tropical banana (Soares et al. 2014), corn (Soares
et al. 2015) and cactus pear (Guimaraes et al. 2018),

with agreement indexes (relationship between the
estimated and observed values) similar to the adjusted
models for ‘Prata-Ana’ and ‘BRS Platina’ (Figure 1),
equal to 0.91; 1.0; and 0.87, respectively.

The development of models to predict yield
based on phenotypic data obtained in early stages
allows the early assessment of yield descriptors in
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crops, what favors decision-making and agricultural
management, as well as the appropriate allocation
of resources. Thus, it is worth mentioning that the
prediction estimators developed in this study allow
to ensure, with high accuracy (0.99), the strategic
planning of the commercialization and export
activities of ‘Prata-Ana’ and ‘BRS Platina’ up to 120
days before the harvest.

CONCLUSIONS

1. The yield prediction of ‘Prata-Ana’ and ‘BRS
Platina’ banana plants are obtained with high
efficiency by means of multilayer perceptron
artificial neural networks;

2. The morphological characteristics easy to measure
in the field with the highest relative information
were associated with the characteristics plant
height, perimeter of the pseudostem at the soil
level, stalk diameter and number of fruits per
bunch for ‘Prata-Ana’ and ‘BRS Platina’;

3. Characteristics with the highest relative information
and highest correlation coefficients enabled the
best adjustments for predicting the yield of ‘Prata-
Ana’; therefore, they must be adopted to compose
the predictive models, in order to make the rural
planning more efficient.
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