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ABSTRACT

Leaf water potential is one of the main parameters used to assess water relations in plants by revealing levels of
tissue hydration. It is commonly measured with the Scholander pressure chamber; which demands hard work and
a time-consuming process. On the other hand, there is a diversified literature demonstrating the assessments of
several plant variables via indices of leaf reflectance, that also present direct and indirect relationships with water
potential. The aim of this work is to exploit spectral variables to estimate the water potential of coffee plants by
using computational intelligence approaches. Data was collected in the cities of Santo Anténio do Amparo and
Diamantina, Brazil, from 2014 to 2018. Two neural networks (Multi-Layer Perceptron) were designed to estimate
and classify leaf water potential based on spectral variables. Moreover, a classifier and an estimator based on
decision tree were also developed. The results showed that the artificial neural network model was superior as
an estimator when compared with the decision tree model, with an average confidence index of 0.8550. On
the other hand, decision trees showed a slightly higher performance as a classifier, with an overall accuracy of
88.8% and a Kappa index of 70.07%. We concluded that the leaf reflectance indices may be properly used to
build accurate models for estimating coffee water potential. The indices PRI, NDVI, CRI1 and SIPI were the most
relevant ones for estimating and classifying the coffee water potential.

1. Introduction

The rational use of water resources in agriculture, both for saving

tial (y,,,) is the most highlighted. This index is often directly measured
via Scholander pressure chamber, in which leaf samples collected from
plants are submitted to different pressures to assess y,, [1]. However,

water and improving plant yield, is an aspect of great relevance for
sustainable production systems. Overall, such demands make it highly
necessary to seek alternative technologies that benefit the water man-
agement in croplands.

Knowledge of the plant water relations is essential to establish suit-
able agricultural practices. In this vein, there are several variables able
to describe the plant water status; among them, the leaf water poten-
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this is a hard labor and time-consuming method which demands a
longer period of analyses and raises safety concerns, such as the risk
of explosion. Moreover, it is also classified as a destructive method
and thus can cause damage to the plant tissue. Hence, some studies
have addressed the indirect assessment of y,, by using spectral in-
dices related to the leaf reflectance of targeted plants with promising
results [25].
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One of the ways to obtain spectral indices is by applying remote
sensing and field spectrometers. These methods work by measuring the
percentage of light reflected by the plant leaves as function of different
light wavelengths. Based on these values, the indices are calculated via
equations that already exist in the literature.

The foliar reflectance indices combined with one or more bands can
provide information about water status due to changes in spectral re-
flectance properties occasioned by variations in plant water content,
antioxidants levels, photosynthetic pigments content, and photosyn-
thetic rates [8]. There is a correlation between visible and red-edge,
near-infrared spectral indices, and crop water content [18]. Reflectance
spectral presents many possibilities of indices because there are several
patterns of absorption by water or pigments in those regions in response
to plant dehydration. Among these reflectance indices, the PRI (Photo-
chemical Reflectance Index) is correlated with the photosynthetic and
fluorescence parameters of chlorophyll, and can be used as a reliable
indicator of water deficit - an abiotic limiting factor of photosynthesis.
This index is sensitive to the oxidation of pigments from the xanthophyll
cycle, which is one of the mechanisms to dissipate the energy of radi-
ation under water deficit conditions [25]. Although PRI characterizes
photosynthetic efficiency, the plant senescence reflectance index PSRI
(Plant Senescence Reflectance Index) and the SIPI (Structure Insensi-
tive Pigment index) respond sensitive to changes in the proportion of
carotenoids and chlorophyll and were used as a quantitative measure of
leaf senescence events [19]. The NDVI (Normalized Difference Vegeta-
tion Index) is more closely sensitive to the presence of chlorophylls and
is used as input variable in models and algorithms to estimate the wa-
ter potential by remote sensing in coffee [15]. By using different water
absorption characteristics regardless of chlorophyll concentration, the
WBI (water band index) has been reported to be an effective indicator
of water stress, thereby indicating changes in the relative water con-
tent [4]. Other indices - such as ARI1 (anthocyanin reflectance index)
and CRI1 (carotenoid reflectance index) - are associated with pigment
absorption bands related to antioxidant responses, mechanisms of pho-
toprotection and adaptation to light, as well as for the early diagnosis
of water stress in plants [24].

The aforementioned papers have investigated the relations between
spectral indices and the water potential, but for different cultivars,
except the work of Maciel et al. [15] that focused on satellite im-
ages to estimate the leaf water potential of coffee. Unlike these, the
proposed work aimed to exploit spectral variables captured by a mini-
spectrometer to estimate the water potential of coffee plants by using
computational intelligence approaches. To do this, we employed artifi-
cial neural networks (ANN) [13] and decision trees [23]. Due to their
high generalization capacity, ANN are able to map the behavior of
functions, even if they are non-linear and/or discontinuous [13]. The
decision trees are capable of classifying samples into groups, and esti-
mating their behavior according to characteristics values. In addition,
they allow mapping data in a simple and easy way to understand, even
of high dimensions, which is very useful to pattern recognition systems
[12]. In this paper, these tools are used to classify the water potential of
coffee trees, thereby identifying whether their water status is adequate,
without requiring Scholander pressure chambers.

Coffee cultivation plays a fundamental role in terms of social and
economic development in Brazil. Responsible for the generation of jobs,
taxes and formation of the Brazilian foreign exchange earnings, coffee
production is well-known as an important activity of the agricultural
and economic sector of the country [9].

2. Methodology
2.1. Database
This work used a spectral database built by the team of researchers

from the Empresa de Pesquisa Agropecuaria de Minas Gerais (EPAMIG)
and Empresa Brasileira de Pesquisa Agropecudria (EMBRAPA). The
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Table 1
Division of leaf water potential
data classes.

Class Break

C1 0 to -0.9429

Cc2 -0.9429 to -1.8857
Cc3 -1.8857 to -2.8286
C4 -2.8286 to -3.7715
Cc5 -3.7715 to -4.7144
C6 -4.7144 to -5.6573
Cc7 -5.6573 to -6.6002

samples were collected in the 2014-2018 timeframe, in arabica coffee
fields located in the cities of Santo Antoénio do Amparo and Diamantina,
Minas Gerais, Brazil.

The data set consists of 1280 events with 9 characteristics, as fol-
lows:

Photochemical Reflectance Index - PRI (Reflectance ratio: R531-
R570/R531 +R570) [10];

Plant Senescence Reflectance Index - PSRI (Reflectance ratio: R680-
R500/R570) [16];

Normalized Difference Vegetation Index - NDVI (Reflectance ratio:
R800-R680/R800 +R680) [21];

Water Band Index - WBU (Reflectance ratio: R900 /R970) [19];
Anthocyanin Reflectance Index - ARI1 (Reflectance ratio: 1/R550 -
1/R700) [20];

Carotenoid Reflectance Index - CRI1 (Reflectance ratio: 1/R510)
[14];

Structure Insensitive Pigment Index - SIPI (Reflectance ratio: R800-
R445/R800+R680) [21];

Flavonol Reflectance Index - FRI (Reflectance ratio: R800/R410-
R800/R460) [17]

The variables were obtained by a mini-spectrometer, while the cor-
responding water potential (y,,) was measured with a Scholander
pressure chamber. The data were collected on eleven different periods
(dates), seeking to capture the effect of seasonal climatic variations in
the region. This variable was converted into numerical values, which
ranged from 1 to 4 according to the season, respectively, as follows: 1,
spring; 2, summer; 3, autumn; and 4, winter.

For data estimation, normalized values of water potential were con-
sidered. Moreover, for classification purposes, the targets were divided
into classes, according to the water potential value, which totalled 7
classes (Table 1).

2.2. Pre-processing

The outliers were manually eliminated, and then the samples nor-
malized, to avoid any data biases [13]. The set scale of [0 1] was
adopted as a rule of normalization for all data. Equation (1) was used
to accomplish the normalization.

(p - pmin)

=_ “mn’ 1
P (pmax) - (pmin) @

where p, is the normalized value; p is the original value of a given
variable; p,;, is the lowest value; and p,,,, is the highest value.

The target values were multiplied by -1, thereby turning them pos-
itive, which makes it better of being visualized in a graphic format.
After normalization, the data were shuffled at each interaction of the
algorithm, and divided into 70% for training, 20% for validation (used
for cross-validation) and 10% for testing.

Finally, an analysis of correlation was carried out to select the most
relevant variables and to identify redundancies. For that, a linear cor-
relation between variables and targets was performed, thereby elimi-
nating those that showed either low (low relevance) or high correlation
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Table 2

Kappa classification.
Kappa Value Performance
0.81 to 1.00 Great
0.61 to 0.80 Very Good
0.41 to 0.60 Good
0.21 to 0.40 Reasonable
0.00 to 0.20 Bad
<0.0 Terrible

(high redundancy) with each other, reducing thus the dimensionality of
the problem [13].

2.3. Performance evaluation metrics

Seeking to evaluate the performance of the developed classifiers,
confusion matrices were set up. In addition, the Kappa index, proposed
by Cohen [6], was used as a parameter.

The Kappa index is obtained by the analysis of the confusion matrix
and is determined based on Equation (2). It is a suitable measure to
assess the accuracy of a classifier, because it considers all the elements
of the confusion matrix, differently from the global accuracy which uses

only the main diagonal.
(P,—P,)

K=< 2

1-P, @

where K is the coefficient of Kappa, P, and P, are defined by Equations
(3) and (4), respectively.

p= 0 ®)

p=y &) @

n2

where n;; is the number of elements correctly classified, » is the total of
samples, n; is the sum of the i-th line elements; and » ! the sum of the
j-th column, considering i = j.

Once the Kappa coefficient was determined, the results can be clas-
sified according to Table 2, which provides the measure of the system’s
performance.

Seeking to assess estimators’ performance, the average relative er-
ror, overall mean and standard deviation for test interactions were
initially determined. In addition, the average confidence index, best
confidence index and standard deviation were also calculated.

The performance analysis of the estimators was carried out by cal-
culating the correlation (p), concordance (d), and the confidence (id)
indices, which represent the accuracy, reliability and confidence of the
model, respectively.

The correlation index was obtained using the Pearson coefficient,
according to Equation (5).

= cov(X,Y) (5)

Vovar(X).var(Y)
where X and Y are the vectors to be correlated, and p is the correlation
coefficient of Pearson.

The concordance index is given by Equation (6), where P, is the
estimated value; O; is the observed value; and O is the mean of observed
values [22].

X(P -0,

=1-
a 2P, -0l +]0; - O] ©

The confidence index (id) was accomplished by the product of cor-
relation (p) and concordance (d), and can be used as an indicator of
estimators’ performance. Camargo and Sentelhas [3] proposed the clas-
sification of performance of estimators based on Table 3, which was also
used by Soares et al. [22] and by Batista et al. [2] as a methodological
strategy to analyze their results.
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Table 3

id value classification.
id value Performance
>0.85 Great
0.76 to 0.85 Very Good
0.66 to 0.75 Good
0.61 to 0.65 Median
0.51 to 0.60 Sufferable
0.41 to 0.50 Bad
<0.40 Terrible

Table 4
Correlation matrix.

¥Y,m PRI PSRI NDVI WBU ARI1 CRI1 SIPI FRI Data

Y, m 1

PRI 027 1

PSRI -0.04 -0.19 1

NDVI 0.20 0.49 -0.24 1

WBU 0.04 -0.03 0.02 007 1

ARI1 -0.04 034 003 056 -011 1

CRI1 020 042 0.04 061 -018 053 1

SIPI 0.27 030 -0.08 0.60 0.08 0.07 046 1

FRI 0.10 0.05 0.02 025 -010 0.09 055 058 1
Date 0.22 0.02 -0.09 0.02 -0.38 0.01 0.13 0.09 0.08 1

Table 5
The range for each region of the
electromagnetic spectrum.

Color Break

Violet 400 to 450 nm
Blue 451 to 520 nm
Green 521 to 570 nm
Red 571 to 700 nm
Yellow 681 to 740 nm

Orange 740 to 800 nm

3. Results and discussions

This section presents the results and discussions of the proposed clas-
sification and regression systems, and is divided into four subsections:
feature selection; classifiers, estimators and comparative results.

3.1. Feature selection

Based on the procedures of performance analysis proposed in Sec-
tion 2.2, a correlation matrix is presented in Table 4. Overall, it rep-
resents the correlation matrix between all attributes including target
(w,,)- Firstly, indices presenting the highest correlation values with the
target were selected. The highest correlation values among attributes
were identified as redundancy occurrences and, therefore, they were
discarded.

Based on the correlation results, PSRI, ARI1 and FRI indexes were
eliminated, as they presented high redundancy and low relevance. The
reflectance indices combine the hyper spectral reflectance into two or
three wavelengths, which is simultaneously using a common range of
the spectrum. The range considered for each region of the electromag-
netic spectrum is shown in Table 5.

Despite do not presenting redundancy with other characteristics, the
WBU index was also removed, because it showed a low correlation with
the target (y,,). The water band index reflects the water absorption in
the mesophyll and increases as a function of decreases in water content.
However, coffee displays a high relative water content in the leaf (RWC)
to retain a high volume of water under dehydration conditions, which
impossibilities a correlation with the WBI index [19]. Therefore, the
selected indices were PRI, NDVI, CRI1, and SIPI. The variable Date was
also selected.
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Table 6
Confusion matrix of the best result with 100 interactions for ANN in %.
c1 Cc2 C3 c4 c5 c6 c7

c1 90.85 4.96 1.89 1.37 0.90 0.02 0.00
C2 2.18 95.51 0.38 1.54 0.26 0.13 0.00
C3 3.58 2.68 81.07 7.80 4.09 0.25 0.51
C4 15.35 4.18 22.32 23.72 31.16 3.25 0.00
cs 15.14 4.59 5.4 26.60 33.95 13.76 0.92
C6 1.92 3.84 1.92 13.46 30.76 26.92 21.15
Cc7 0.00 0.00 0.00 0.00 5.62 18.47 75.90

The indices PRI, SIPI and NDNI offer ways to quantify vegetation’s
ability to use incident light for photosynthesis. The water deficit directly
affects the reflectance properties of leaves, changes often occur in the
visible spectral region rather than in the infrared because of the sen-
sitivity of chlorophyll to physiological disturbances. The correlations
of NDVI, CRI and SIPI with y,, may indicate that variations in wa-
ter potential cause changes in the contents of chlorophyll, carotenoids
and in the relationship between these pigments, respectively. These
changes may contribute to photoprotection, photosynthetic acclimation
and photosynthetic efficiency in coffee plants, because the chlorophylls
and carotenoids are part of the essential structures of the photosyn-
thetic antenna, and help stabilize chlorophyll-protein complexes. Fur-
thermore, the PRI index indicates that changes in water potential in
coffee plants are associated with the photosynthetic and fluorescence
parameters of chlorophyll. Therefore, PRI, SIPI and NDNI could be used
as a reliable indicator of water deficit as an abiotic factor limiting pho-
tosynthesis.

3.2. Classifiers

In this section, the results obtained with the proposed classifiers are
presented and discussed.

The number of neurons in each layer of the artificial neural network,
and the corresponding activation function was found experimentally by
using the training data set. It was found that the best neural network
configuration has five input nodes, five neurons in the hidden layer
and seven output neurons, each one representing a class. The confusion
matrix shown in Table 6 was created containing the best-defined archi-
tecture resulted of 100 interactions. It is possible to observe that classes
C1, C2, C3 and C7, that are the classes with higher number of data,
presented the best hits.

A solution to improve the ANN performance for classes C4, C5 and
C6, which present a lower number of occurrences, is to balance the
data distribution between classes. The lower number of occurrences in
classes C4, C5 and C6 is justified by the fact that there was less oc-
currence of water potential lower than -3 MPa under field conditions
during the studied period (year). Except for 2014, when there was a
low rainfall, which contributed to enriching the number of occurrences
in class 7. In addition, another alternative would be the samples quan-
tity rebalance by using other approaches to perform data augmentation,
like the Synthetic Minority Oversampling Technique (SMOTE) [5].

Considering the confusion matrix of the best result for the ANN
model (Table 6), the index Kappa was calculated according to Equation
(2). This presented a value of 67.21%, thereby labeling the classifier as
“very good” (Table 2).

For decision tree construction, 100 interactions were accomplished
for each pruning configuration. The confusion matrix of the best result
is shown in Table 7. In this case, the Kappa index presented a value of
71.07%, which categorize the classifier as “very good” (Table 2). Thus,
it places in the same category as the classifier based on artificial neural
networks, despite the higher Kappa coefficient.
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Table 7
Confusion matrix of the best result with 100 interactions for Decision Tree in
%.

c1 c2 c3 c4 cs c6 c7
c1 91.57 4.82 1.64 1.20 0.76 0.00 0.00
c2 5.00 93.11 1.44 0.00 0.44 0.00 0.00
c3 2.69 3.09 87.33 3.50 3.36 0.00 0.00
c4 9.42 0.67 14.81 39.39 32.99 2.69 0.00
cs 12.30 3.17 9.52 31.34 35.71 6.74 1.19
c6 0.00 0.00 0.00 0.00 17.54 59.64 22.80
c7 0.00 0.00 0.00 0.00 0.00 17.62 82.38
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Fig. 1. Dispersion of the estimated data in the ANN model.

3.3. Estimators

To define the number of neurons in the layers of the ANN used for
regression, besides determining the best activation functions, a similar
procedure to the previously used for the classifier was performed, in
which 100 runnings were carried out. For the construction of decision
tree regression, 100 runnings were also performed for each pruning
configuration.

Figs. 1 and 2 present the real water potential values versus the
estimated ones (for one of the 100 runnings) and illustrate the data dis-
persion in relation to the ideal line, for the ANN and the decision tree
models, respectively. Note that there are more values of water potential
in the range 0 to 3 MPa. Also, it is in this range that the greatest disper-
sions between the actual and estimated values occur. The more distant
from the line, the greater the errors associated with the observed points.
It is noted that the ANN model presents more data dispersion for small
values of water potential while the decision tree model presents a rela-
tively constant dispersion for different values of water potential.

Overall, the performance of both estimators (ANN and decision tree)
can be considered satisfactory, since the ANN model was classified
as “Great” and the decision tree as “Very Good” by the criterion of
Camargo and Sentelhas [3], with a low standard deviation in 100 inter-
actions, which demonstrates the constancy of the results (see Table 8).
Moreover, the mean relative error (ERM) of 7.27 + 4.44% and 3.85 +
4.27%, for the ANN and decision tree models, respectively, reinforced
the integrity of the results.

3.4. Comparative results
In order to define the best technique, Tables 8 and 9 were set up,

which expose the best results obtained in the regression and classifi-
cation systems, respectively. oy, in Table 8 represents the standard
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Fig. 2. Dispersion of the estimated data in the decision tree model.

Table 8
Results for the regression systems based on Artificial Neural Networks (ANN)
and Decision Trees (DT).

Technique ERM CrrM o, Hig id

ANN 7.27 4.44 0.0739 0.8550 0.9544

DT 3.85 4.27 0.0909 0.8299 0.9443
Table 9

Results for the classification systems based on Artificial Neural Networks (ANN)
and Decision Trees (DT).

EQM Crom 1 EQOM Hit P.C. P.C. (%)
ANN 0.1203 0.0523 0.0055 87.9% 4 23.7%
DT 0.1113 0.0255 0.0547 88.8% 5 35.7%

deviation of the ERM, y;, the average confidence index, o, its standard
deviation, and id,,,, represents the highest confidence index obtained.

Based on the analysis presented in Table 8, it is observed that the
decision tree model displayed lower values of both mean relative er-
ror and relative error deviation, and it can be justified by the fact that
decision trees only return fixed values, and its estimation is performed
via classification into many classes, thus preventing intermediate val-
ues, which lead to smaller deviations in the estimated values. However,
the artificial neural network showed a higher average confidence index,
as compared to observed in decision tree, which demonstrates its better
constancy. Finally, the ANN model presented a higher confidence index
in its best interaction as compared to that accomplished by the decision
tree at the same circumstances. These results demonstrate a greater ca-
pacity for generalization of ANN, for the regression problem, listing it
as the best tool for this scenario, considering the confidence index as
the performance evaluation criterion.

For the classification results shown in Table 9, EQM represents the
mean square error, | EQM is the smallest EQM obtained; opgy, is
the standard deviation of EQM, PC represents the “Worst Class”, PC
(%) is its corresponding percentage of hits, and Hit refers to the global
hit percentage. Based on Table 9, it is possible to infer that the deci-
sion tree was superior to the neural network in almost every aspects,
except for the smallest mean square error of a single interaction, which
corresponded to 0.0055 and 0.0547 for ANN and decision tree, respec-
tively. This is likely justified by the singularities of the samples used in
the tests of this specific analysis, not necessarily reflecting the superior-
ity of the neural network, since, as already mentioned, its performance
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was inferior regarding both the average value and standard deviation
of the EQM.

Another point considered when these results are analyzed is the per-
centage of correct answers in the worst class. As observed, this value
was higher for the decision tree, evidencing their greater generaliza-
tion capacity for this case, which corroborates other results presented
in Table 9.

Considering the percentage of correct answers, the average of EQM
in the interactions, and its standard deviation, no significant differences
were observed, but the decision tree remained also slightly better in
such aspects. Finally, when Kappa coefficient is observed, it is possible
to note that the decision tree maintained as superior (71.07% against
67.21% of the ANN classifier), justifying its choice as the best classifi-
cation methodology in comparison with the ANN-based one.

4. Conclusions

Leaf water potential is one of the main parameters used to assess
water relations in plants by revealing levels of tissue hydration. In this
paper, we exploited indices of leaf reflectance extracted form a mini-
spectrometer to estimate the water potential of coffee plants by using
artificial neural networks and decision trees approaches. In addition, we
also investigated the capability of these approaches in acting as classi-
fiers, by changing the problem from estimation to classification. To do
this, the leaf water potential values were segmented into clusters.

As the study was carried out in different places in terms of climatic
conditions (Santo Antonio do Amparo city — region with a shorter dry
period and Diamantina city — a region with a longer dry period), the
data include wide ranges of water potential that allow the creation
of generic models for different regions. In addition, the study period
comprised varied climatic conditions (from 2014 to 2018 - a long and
representative set of coffee crops), including an extreme drought event
that occurred in 2014. In addition, the proposed models take advantage
of being simple, since only four variables are required (PRI, NDVI, CRI1,
SIPI and Date) to perform the water potential estimation/classification.

The results showed the slightly superiority of the neural network
model for the estimation task and of the decision tree model for the
classification task. Thus, it allows their application in similar problems
(as in this study) according to the adopted approach (classification or
estimation/regression).

It is worth considering that decision trees facilitate the understand-
ing of operations that underlie the results, since they are composed of
“If, Then” rules. On the other hand, the artificial neural networks can
even be easily replicated using a sequence of sums and multiplications
after being trained. They are considered a black box system in which it
is unknown the pathway to the results. Therefore, such characteristics
must be considered during the choice of the methodology to be used, as
the results did not show major differences in performance.

For future works, the authors intend to implement the developed ap-
proaches in embedded systems in association with a mini-spectrometer,
which may provide an indirect measure of water potential of coffee
plants based only on the observed spectral indices, thus not requiring
Scholander pressure chambers. Also, we intend to exploit other ma-
chine learning methods, like support vector machines, gaussian process
regression, and deep learning-based algorithms, which have been ex-
tensively used for classification and regression purposes [7,11].
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