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Sugarcane production plays a fundamental role in the Brazilian economy, both for sugar production and renewable energy
generation. The development of new cultivars to meet the current needs of the sugarcane industry sector requires efficient
phenotyping methods, which should incorporate simplification, speed, accuracy, and consistency. In order to contribute to the
development of new phenotyping strategies, this work aimed to develop multivariate regression models using Partial Least Squares
(PLS) to classify sugarcane clones based on sugarcane biomass quality parameters, namely fiber (FIB) and apparent sucrose (SC)
content. A NIR instrument was used to acquire the reflectance spectra of 196 sugarcane bagasse - collected in two different harvest
seasons - and fresh stalk samples. The values predicted by these models allowed the construction of a vector using a confusion
matrix that informs whether the clone should be selected or not. PLS models selected to predict each trait under study presented
high accuracy and precision, besides small values of false-positive rate and good concordance indication by the Kappa statistic test.
The results obtained indicate that the use of fresh stalk samples rather than bagasse samples for the prediction of SC and FIB is
recommended as it delivered higher predictive power and is of a more straightforward usage. The utilization of NIR combined with
multivariate techniques may help breeding programs in the classification of sugarcane clones based on biomass quality parameters.

Calibration models; NIR; PLS; fiber content; apparent sucrose content.

BBH_ wet bagasse collected at the beginning of the harvest, BMH_ wet bagasse collected at the middle of the
harvest, C,_observed concordance, C,_expected concordance, D1_first derivative, FIB_fiber content, FP_false positive, FT_Fourrier
transform, KS_Kennard and Stone algorithm, LV_latent variables, MC_mean centering, MSC_Multiplicative Scatter Correction,
NIR_near-infrared, PCR_principal component regression, PLS_partial least squares, PMGCA-UFV_Sugarcane Genetic Breeding
Program of the Universidade Federal de Vigosa, RMSE_root mean squared error, RMSECV_root mean squared error of cross-
validation, RMSEP_root mean squared error of prediction, Rz_multiple coefficient of determination, SC_ apparent sucrose content,
SMH_stalk collected in the middle of the crop, TN_true negative.

There has been a steady increase in investments for the content values at the beginning of a breeding program, to
development of alternative energy sources to replace fossil compare clones and to classify them in above or below the
fuels (Zhao et al., 2009). Ethanol obtained from sugarcane overall experimental mean. Moreover, they may be
juice - first-generation ethanol - is often the major biofuel interested in selecting a specific top percentage of the
employed for this purpose in Brazil (Lopes et al., 2016). sugarcane clones composing an evaluated population. The
However, studies are being carried out to harness the clones showing values above the defined threshold are
lignocellulosic components of the plant aiming to produce conducted for the next assessment phase of the program,
ethanol from sugarcane bagasse, the second-generation while the rest is discarded. However, the methods
ethanol (Zheng et al., 2009). Additionally, the cogeneration commonly used by sugarcane genetic breeding programs for
of electricity can also be conducted by burning the bagasse phenotypic evaluation are wusually costly and time-
(Silveira et al., 2015). consuming. Thus, it is fundamental to develop new
Sugarcane mills and distilleries invest in genetic breeding phenotyping strategies. The emergence of new technologies
because it allows the obtainment of new and more suitable has allowed the application of Near Infrared Spectroscopy
sugarcane varieties, either sugar production or for (NIR), combined with multivariate statistical methods, to
renewable energy generation (Silveira et al., 2016). In this determine the biochemical composition of a wide range of
sense, sugarcane breeders may be interested in determining plant species biomass feedstock, including sugarcane (Liu et
sugarcane biomass quality parameters, i.e. fiber or sugar al., 2010; Santchurn et al., 2012; Assis et al., 2017). NIR has
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an excellent potential application (Montes. et al.,, 2013;
Roque. et al., 2017) due to its ease of use, speed, accuracy
and the absence of waste generation (Pasquini, 2003;
Valderrama et al., 2007). The analytical determination of
sample’s chemical composition using NIR spectroscopy is
also a non-destructive methodology as it does not require
the use of reagents nor sample preparation (Blanco et al.,
2002).

The NIR modeling is carried out using multivariate
calibration, usually conducted with the application of Partial
Least Squares (PLS) regression or Principal Component
Regression (PCR; Beeb et al.,, 1987), followed by some
mathematical pre-treatments of the data (Engel et al.,2013).
The PLS regression method is the most recommended in the
literature for the analysis of NIR-derived datasets (Brereton,
2000).

The present work aimed to build NIR based multivariate
regression models using PLS, as a modern phenotyping
strategy to reduce costs and enhance selection efficiency for
the prediction and classification of sugarcane clones based
on fiber and apparent sucrose content. Specific objectives
were to compare the use of sugarcane shred bagasse and
fresh stalk samples.

NIR spectra analysis

The raw NIR spectra obtained from bagasse samples
collected at the beginning of the harvest season, bagasse
samples collected in the middle of the harvest season and
fresh stalk samples collected in the middle of the harvest
season are shown, respectively, in Figure 1-A, 1-B and 1-C.
By collecting NIR spectra of sugarcane samples in different
seasons, we were particularly interested in evaluating
whether the accuracy of the developed models would be
affected by the physiological changes on the biomass
chemical composition during sugarcane physiological
maturation.

Initially, each dataset was sorted into two subsets using the
Kennard and Stone algorithm (Kennard. et al., 1969),
namely, the calibration set with 166 samples and the test or
external validation set with 20 samples. The KS algorithm
allows the uniform selection of samples. We assessed the
existence of outlier samples present in the data sets through
the Leverage versus Studentized residual plot and identified
ten samples that were excluded from the analysis (Martens
et al,, 1992). We performed a leave-one-out (Valderrama et
al., 2007) cross-validation in the training set for the selection
of the best number of latent variables (LV). This selection
was performed based on the analysis of the graph of the
Root Mean Squared Error of Cross-Validation (RMSECV)
versus LV, which allows the identification of the LV number
corresponded to the lowest RMSECV value.

Fiber and apparent sucrose content - chemical analysis
results

The chemical analysis indicated that fiber content (FIB)
values ranged from 8.38% to 19.51% at the beginning of the
harvest (early harvest) and increased in the middle of the
harvest ranging between 9.58% and 22.53%. Apparent
sucrose content (SC) values ranged from 1.78% to 12.20% at
the beginning of the harvest (early harvest) and from 3.11%
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to 16.89% in the middle of the harvest. These results appear
to be related to the sugarcane maturation process for an
eighteen-month crop. Sugarcane physiological maturation is
the process in which the plant increases the sucrose
accumulation in its storage tissues as a response to the
changes in the environment (Toppa et al., 2010). The
sugarcane biomass chemical composition over the harvest
season is a function of several factors, including soil
moisture, air temperature, crop management and the
genotype (Inman-Bamber et al., 2010; Pereira et al., 2017).
However, lower air temperature and water shortages are
the most significant contributors to the sugarcane
maturation process (Cardozo et al., 2013). At the beginning
of the harvest season, adverse weather conditions cause the
decrease of the vegetative growth rate and lead to changes
in the Carbon partitioning dynamics with lower cell wall
synthesis and increase of sucrose accumulation in the stalks
(Wang et al., 2013; Botha et al., 2000). Tai et al., (1996) and
Wagih et al., (2004) evaluated changes in the accumulation
of sucrose and fiber content during sugarcane maturation
and observed a steady linear pattern for fiber and a
quadratic pattern for sucrose. Likewise, Zhao et al., (2009)
found similar results in sorghum, with the biomass
components cellulose, hemicellulose and lignin increasing
with crop cycle length.

The increase of SC from early to middle harvest can be
addressed to a more advanced maturation stage of the
sugarcane clones, after undergoing a water shortage caused
by the dry month’s period (Cardozo et al.,, 2013; Inman-
Bamber et al., 2010). The occurrence of low values of SC is
linked to the investigated energy-cane population under
study, in which many clones naturally present low SC
concentrations. Therefore, since they are aimed for burning
or the production of second-generation ethanol, the clones
have no aptitude for high sucrose accumulation (Ramos et
al., 2017; Legendre et al., 1994).

Fiber and apparent sucrose content prediction

Regarding the FIB trait, according to the lowest RMSECV
obtained, we selected nine latent variables (LV) for the
bagasse samples dataset collected at the early harvest
season, while for the bagasse and stalk samples dataset
collected in the middle of the harvest season the lowest
RMSECV was associated to four and eight LV, respectively.

Table 2 shows the PLS models built applying different pre-
treatments. We tested the combination of different
pretreatments and the models' performance regarding the
RMSCV and the coefficient of multiple determination of
cross-validation. Bagasse samples collected at the beginning
(BBH) and in the middle (BMH) of the harvest season did not
provide well-fitted models (Table 2). On the other hand, a
PLS model built using fresh stalk samples collected in the
middle of the harvest season (SMH) without any pre-
treatment yielded the best results to predict fiber content,
with RMSECV and R’ values of 1.67 and 0.47, respectively
(Table 2). After selecting the best model, we evaluated its
performance using the samples that were not included when
fitting the training model, i.e. the samples which pertained
to the validation set (Pasquini, 2003; James et al.). In this
case, the coefficient of multiple determination of prediction
obtained was 0.32, and the Root Mean Squared Error of
Prediction was 2.7, which is considered a small value since it
is nearly four times lower than the least fiber content value



Table 1. Confusion matrix between the correct classification based on the observed values and the classification obtained from the
values predicted by the models on the test set.

Classification

SR =50% (top 10 clones) or 25% (top 5 clones)
NS (Predicted) S (Predicted)

NS (real) True Negative (TN) False Positive (FP)
S (real) False Negative (FN) True Positive (TP)
Accuracy (TN+TP)/n

False-positive rate FP/(TN + FP)

Precision TP/(FP + TP)

Kappa (Co_ce)/(l_ce)

SR: Selection Rate according to the real value (top 25% or top 50%); S: Selected clones; NS: Non-selected clones; C,: Observed concordance; C,: Expected
concordance, and n: the total number of clones.
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Fig 1. Raw NIR spectra from: (A) bagasse samples collected at the beginning of the harvest season; (B) bagasse samples collected in
the middle of the harvest season; and (C) fresh stalk samples collected in the middle of the harvest season.

Table 2. Root Mean Squared Error of Cross-Validation (RMSECV) and coefficient of determination (R2) obtained from Partial Least
Squares (PLS) analysis using different sugarcane samples and harvest seasons for fiber content.

Pre-treatment BBH BMH SMH

RMSECV R’ RMSECV R’ RMSECV R’
None 1.77 029 1.95 034 1.67 0.47
MC 1.77 0.29 1.97 0.33 215 0.28
D1+MC 2.22 0.06 2.28 021 1.78 0.43
MSC + MC 1.85 0.26 2.13 0.27 211 0.27
MSC+D1+MC 222 0.06 2.27 0.21 2.06 0.34

BBH: wet bagasse collected at the beginning of the harvest; BMH: wet bagasse collected at the middle of the harvest; SMH: stalk collected in the middle of the harvest; MC: mean centering; D1: first
derivative and MSC: Multiplicative Scatter Correction.
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Fig 2. Observed versus predicted: (A) fiber content values obtained from the PLS model built using fresh stalk samples; and (B)
apparent sucrose content values obtained from the PLS model built using fresh stalk samples following the application of
Multiplicative Scatter Correction, First Derivative and Mean Centering. Empty circles refer to the calibration set; and solid black
circles to the test/validation set.
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Table 3. Root Mean Squared Error Statistics by Cross-Validation (RMSECV) and coefficient of determination (R2) obtained from the
Partial Least Squares (PLS) model in different samples and harvest seasons for apparent sucrose content.

Pre-treatment BBH BMH SMH

RMSECV R’ RMSECV R’ RMSECV R’
None 1.72 0.54 2.01 0.47 3.28 0.20
MC 1.77 0.52 2.05 0.44 2.94 0.27
D1 +MC 1.79 0.52 2.05 0.19 1.83 0.58
MSC + MC 1.68 0.57 1.89 0.52 1.73 0.61
MSC+D1+MC 1.81 0.52 3.05 0.05 1.56 0.68

BBH: wet bagasse collected at the beginning of the harvest; BMH: wet bagasse collected at the middle of the harvest; SMH: stalk
collected in the middle of the harvest; MC: mean centering; D1: first derivative and MSC: Multiplicative Scatter Correction.

Table 4. Confusion matrix between the correct classification based on the real values of fiber content (FIB) and the classification
obtained by the predicted values from the PLS analysis. Models constructed from fresh stalk samples without any pre-treatment.

Classification

SR =50% (top 10 clones)

SR =25% (top 5 clones)

NS (predicted)

S (predicted)

NS (predicted) S (predicted)

NS (real) 8 2 13 2
S (real) 2 8 2 3
Accuracy 0.80 0.80
False positive rate  0.20 0.13
Precision 0.80 0.60

Kappa

0.60 (p-value: 0.037)

0.47 (p-value: 0.007)

SR: Selection rate based on the real value; S: Selected clones, and NS: Non-selected clones.

Table 5. Confusion matrix between the correct classification based on the observed values of the apparent sucrose content (SC)
and the classification obtained from the PLS model constructed using fresh stalk samples after the application of the Multiplicative
Scatter Correction, First Derivative and Mean Centering.

Classification

SR =50% (top 10 clones)

SR =25% (top 5 clones)

NS (predicted) S (predicted) NS (predicted) S (predicted)
NS (real) 8 2 14 1
S (real) 2 8 1 4
Accuracy 0.80 0.90
False-positive rate  0.20 0.06
Precision 0.80 0.80
Kappa 0.60 (p-value: 0.037) 0.73 (p-value: 0.001)

SR: Selection Rate based on the real value; S: Selected clones and NS: Non-selected clones.

(Ferreira, 2105). Figure 2-A shows the graph of the observed
versus predicted values of FIB using fresh stalks samples.
Besides FIB, we also attempted to develop regression
models to predict SC values using sugarcane bagasse and
fresh stalks samples. After analyzing the LV x RMSECV
relationship, we selected eight LV for the BBH samples, and
five and seven LV, respectively, for BMH and SMH samples.
In both scenarios, the prediction of FIB and SC, the number
of LV agrees with the maximum number suggested by
Pasquini (2003). Again, the model built using SMH samples
yielded the best results for the prediction of SC, with the
lower value of RMSECV (1.56) and the highest value of R?
(0.68; Table 3). The results observed herein suggest that,
regarding the SC trait, it is also recommended to use NIR
spectra collected from fresh stalk samples after applying the
pre-treatments MSC, 1st Derivative and Mean Centering. For
the prediction of SC, the removal of the outlier samples
identified from the Leverage vs. Standardized Student
Residues plot improved the performance of the selected
model. The R? increased from 0.68 to 0.71, and the RMSECV
decreased from 1.56 to 1.48 (Martens et al., 1992). Again,
after selecting the best-fitted model, we tested its predictive
ability in the samples of the validation set The values of R’
and RMSEP obtained were 0.64 and 3.07, respectively (Table
3). Figure 2-B shows the graph of the observed versus
predicted values of SC using fresh stalks samples.
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Alongside with inherent composition variations present in
the samples, variable spectral path length and radiation
scattering due to different particle size may negatively
influence the analysis of NIR diffuse reflectance spectra (Ely
et al., 2008; Barnes et al., 1989). Therefore, these physical
interferes may conceal the chemical information the
researcher was initially investigating and ultimately affect
the models' prediction power (Engel et al., 2013). In this
sense, the shred bagasse samples characterized by rough
and different particle sizes may have been the cause of the
underperformance compared to the models built using fresh
stalk samples. However, Sabatier et al., (2011) stated that
the mathematical pre-treatments commonly applied in NIR
spectra were enough to correct spectra variations resulted
from sugarcane samples with coarse particle size.
Nevertheless, the utilization of fresh stalk over bagasse
samples is advantageous as it requires less sample
preparation. Thus it brings greater ease to the analysis.

Assis et al., (2017) successfully predicted lignin content of
sugarcane fresh stalk samples using NIR spectroscopy,
obtaining a higher accuracy than we found herein.
Moreover, results obtained by Valderrama et al., (2007)
using a NIR protocol to predict SC in sugarcane juice samples
also demonstrate the possibility of developing NIR based
models with higher accuracies. However, in this study, we
were not only concerned with the accuracy of predictions;



we also propose the classification of sugarcane clones using
the NIR based developed models.

Fiber and apparent sucrose content classification

In this section, we computed a confusion matrix for the test
set by assuming the selection of 10 (50%) and 5 (25%) of the
top-ranked sugarcane clones based on FIB and SC values of
the total 20 samples of the validation set.

Table 4 shows the confusion matrix for the classification of
clones based on FIB, after considering a threshold for the
selection of the 10 and 5 top-ranked clones. From Table 4
we see that the PLS model returned predicted values
capable of classifying clones in selected or non-selected with
80% accuracy, regardless of the selection rate considered.
The Kappa test showed significance on both scenarios (SR =
50% and 25%), indicating an excellent performance of the
model for classifying clones in selected or non-selected
categories. The results from Table 4 also indicate that the
classification model presented small values of false-positive
rate, with values of 0.13 and 0.20 for the selection rates 50%
and 25%, respectively.

Table 5 shows the confusion matrix for the classification of
clones based on SC, after considering a threshold for the
selection of the 10 and 5 top-ranked clones. Despite
presenting a moderate value of R® (0.65), this model might
be a useful tool for ranking sugarcane clones. It is highly
accurate (accuracy of 0.8 and 0.9, depending on the number
of clones selected) and presents low values for false-positive
rate (0.2) and it indicates, according to the Kappa test (p <
0.05), the existence of agreement in the classification of the
clones based on the training model (Table 5).

It is essential to highlight the need for interpretation the
false positive rate results in this study (James et al., 2013). It
relies on the fact that even if the breeder takes a below-
average clone and conduct it further in a breeding program
because the fitted model erroneously indicated it, it is still
possible to discard this clone in the next year when this
clone will undergo a new evaluation trial. Therefore, at this
moment, we are not only concerned about the overall error
rate obtained on the confusion matrix, but also on the
number of false positives eventually indicated.

The PLS models adjusted for the NIR data presented a high
potential for classifying sugarcane clones based on biomass
quality parameters. Similar results were also found in other
studies that used similar methodologies (Montes et al.,
Roque et al.,2017). The results observed are encouraging
and suggest that the models developed in this study can be
used as a screening tool to aid breeder’s decision in the
selection of sugarcane clones.

Plant material and phenotypic evaluation

The Sugarcane Genetic Breeding Program of the
Universidade Federal de Vigosa (PMGCA-UFV) consists of
five phases: first, second, and third testing phases;
multiplication phase; and experimental phase (Barbosa et
al., 2012). After performing clonal selection in the best
families evaluated in the first testing phase, 196 clones were
submitted to the second testing phase. The selected clones
are contrasting in fiber content (FIB) (Rocha et al., 2012;
Souza et al.,2013) and apparent sucrose content (SC)
(Fernandes, 2011) traits. These clones were originated from
crosses involving parents with high sucrose content and with
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high fiber content, to obtain energy cane cultivars that
combine both traits.

The second testing phase was installed in July 2014 in
augmented block design, with two cultivars as checks
(RB867515 and C90-176) with 18 blocks in total. Each of the
196 plots consisted of two 5-meters-long furrows, spaced
1.4 m. We installed an experiment at the PMGCA-UFV
Research Center, located in the municipality of Oratorios,
MG, the latitude of 20°25’; longitude of 42°48’; altitude of
494 m and LVE soil.

We obtained FIB and SC measures through the technical
analysis of 500 g samples of wet bagasse obtained from the
milling of 10 sugarcane stalks per plot in two seasons: early
harvest at ten months (May 2015) after planting; and middle
harvest at 13 months (August 2015) after planting.

Collection of the NIR spectra data

We collected NIR data from bagasse samples collected on
the early and middle harvest, and from fresh stalk samples
collected on the middle harvest, as explained below.

Around 200 g of shred bagasse, obtained from the milling of
10 stalks of each of the 196 sugarcane samples were frozen
at -202C to avoid deterioration until one could perform the
read the NIR samples in the laboratory. After 30 days of
storage, each sample was thawed and approximately 3 g of
wet bagasse was placed into a recipient. After, we
performed NIR readings using an Agilent 660 Fourier
transform (FT) spectrometer. We did three readings on each
sample, at each reading we gently moved the recipient
containing the bagasse so that a new reading could be
carried out in another part of the sample. After three days,
we completed all the 588 readings. We used the same
Agilent 660 Fourier transform (FT) spectrometer to acquire
all fresh stalk samples spectra. In this case, we froze at -20°C
three internodes of the middle third of three stalks (nine
internodes) per plot. After 30 days, we thawed the
internodes of the 196 stalk samples. Each internode was cut
lengthwise and used for a single reading in the NIR
instrument.

We organized the spectral data in an X matrix, in which the
rows correspond to the sugarcane samples, and columns
corresponded to the covariates, i.e., the NIR wavenumbers.
The response vector y contained the values of each
evaluated trait, namely FIB, and SC.

Before the analysis, we submitted the data to three different
types of pre-treatments: first derivative, multiplicative
scatter correction and mean centering (Engel et al., 2013).
The first derivative has the purpose of correcting the
changes in the baseline due to the instrument or sampling
systematic variations. We employed the Savitzky-Golay
smoothing method using a 15 sized window and a second-
degree polynomial. The Multiplicative Scatter Correction
(MSC) aims to correct the effect of light scattering due to the
lack of particle size and distribution homogeneity in the
samples or the variations resulting from differences in the
optical path length of the samples (Rinnan et al., 2009). The
mean centering aims to give more relevance to the distance
of the points to the mean value and eliminate from the data
the intensity value of each variable (Rinnan et al., 2009).

The Partial Least Squares (PLS) regression method was
employed. This method has the advantage of considering
the information of the response variable vector y for the



construction of the model (Wold et al., 2001). Moreover, it
can cope with highly correlated data, thus improving the
representation of the information contained in the NIR
spectrum (Brereton et al., 2018)

The PLS fitting procedure can be developed based on the
bidiagonal algorithm (Barlow.et al., 2005), corresponding to
the decomposition of an X matrix into three other matrices,
according to the equation below:

X = URV!

where X is the data matrix already incorporated with the
vector y; R is a diagonal matrix; U and V are matrices
organized so that their first columns are composed of the
information present in X in decreasing order, called latent
variables. Thus, much of the information can be
reconstructed from X with only part of U and V.

The coefficient of multiple determination (Rz) and the Root
Mean Squared Error (RMSE) were employed as the
evaluation criteria, which can be computed as follows:

pr 240 =90 =9I S0 =90

(5 -9) T i - ) n
where y; corresponds to the real value of sample i (i =1 to
n); ¥; corresponds to the predicted values for sample i, and
n is the total number of samples considered in the
calculation. The RMSE can be calculated using J; as the
values obtained in cross-validation (RMSECV) or using J; as
the prediction values (RMSEP). We considered a model
adequate when the values of RMSECV and RMSEP are
sufficiently small, that is, smaller than the minimum value
of the dependent variable, combined with the highest R
In addition to the performance of regressions, RMSECV is
employed to select the optimal number of latent variables
for the models (Martens et al.,1992). We used the PLS-
Toolbox 4.0 algorithm package for the analysis, in the
Matlab software, version 6.0 (The Mathworks, Natick, USA)
to perform all statistical analysis.

RMSE =

Technical Assessment and comparisons

Due to the relevance of knowing the best clones for genetic
breeding programs, we classified the clones by ordering the
values of fiber content (FIB), and apparent sucrose content
(SC) measured. We investigated two scenarios regarding the
selection rates. In the first scenario we fixed a selection rate
of 50% and of 25% in the second. A binary data vector was
created for each trait (FIB and SC), assuming a value equal to
1 if the clone was selected and a value of 0, otherwise. The
selection is performed for clones with high FIB and also high
SC. The same classification was carried out based on the
results obtained by the fitted model.

The binary values obtained from the training set in which
the model was fitted and validation set were the basis for
the computation of the confusion matrix, also known as
contingency matrix (James et al., 2013; Table 1). The
confusion matrix evaluation criteria considered the
measurements of accuracy, false-positive rate, precision and
Kappa concordance test (Fleiss.et al., 1981; Castellan, 1988)
obtained from this matrix.

The prediction of fiber and apparent sucrose content can be
performed from stalk samples instead of wet bagasse
samples due to its higher predictive power and ease of
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applicability when considering NIR readings. Also, the
employment of a protocol to screen sugarcane clones using
NIR spectroscopy may save a significant amount of resources
as ordinary phenotyping strategies currently adopted
represent a high-cost element in the PMGCA. |In the
population under study, we achieved the best results for the
data collected in the middle of the harvest season. For fiber
content, no pre-treatment was necessary to obtain the best
model, whereas, for apparent sucrose content, it was
necessary to apply the pre-treatments Multiplicative Scatter
Correction, First Derivative and Mean Centering. The models
used to select the top clones regarding fiber and sucrose
content showed high accuracy, high precision, and low
values of false-positive rates. Therefore, the results obtained
in this study suggest that the use of NIR combined with
multivariate techniques may help breeding programs on
classifying and selecting sugarcane clones efficiently.
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