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1. Introduction

Brazil holds a rising position in the global viticulture landscape,
both in terms of production and varietal diversity, hosting Vitis
vinifera and Vitis labrusca vineyards within the same geogra-
phical regions. This configuration is partly the result of histo-
rical processes of territorial occupation, marked by successive
waves of migration and the local adaptation of grape varieties
to diverse edaphoclimatic conditions (Protas et al., 2024). This
varietal richness is an important and unique characteristic of
Brazilian grape production, but it also poses challenges, par-
ticularly for vineyard monitoring, traceability, origin certifica-
tion, and the standardization of wine quality.

Viticulture in Brazil is undergoing a gradual transition from a
labrusca-based production to a vinifera-based one. Even though
Vitis labrusca vines are still the majority of vineyards, either for
in-natura grape consumption or for table wines, efforts over the
last decades have aimed to develop a production of fine wines
based on an increasing area of Vitis vinifera grapes (Protas et
al., 2002). This effort has recently led to initiatives focused on
wine quality specifications where, based on geographical, en-
vironmental, and cultural descriptors, certain precisely defined
regions are being granted origin certifications, such as Deno-
mination of Origin (Denominagdo de Origem) or Indication of
Provenance (Indicagdo de Procedéncia) (Camargo et al., 2011).

While in some Brazilian regions with no previous labrusca vi-
neyards, mainly in Central Brazil or in the Northeast, these
origin certifications are applied directly to new Vitis vinifera
projects, in southern Brazil the transition occurs in regions
with a well-established tradition of Vitis labrusca production
by European settlers since the late 19th century. Therefore, new
Vitis vinifera vines coexist in the same geographical space with
Vitis labrusca (Protas et al., 2002).

As legal regulations for quality and origin certification include
requirements for production volume and yield per area, know-
ledge of the area of grapes and their location is necessary.
This information is, in principle, available from the Cadastro
Viticola (Embrapa Uva e Vinho, 2025), an inventory main-
tained by Embrapa (the Brazilian Agricultural Research Cor-
poration), whose main source comes from the producers them-
selves. However, an independent way of knowing where and
how much Vitis vinifera grapes are planted would be desirable,
and remote and proximal sensing provide tools potentially use-
ful for these purposes.

The identification and mapping of the spatial distribution of
grapevine varieties are critical steps for production planning,
implementation of public policies, and consolidation of terri-
torial identities. In this context, remote and proximal sensing

technologies offer promising, non-invasive, and systematic al-
ternatives for crop detection and discrimination (Mazzia et al.,
2020). Among these, contact spectroradiometry stands out, as
it captures subtle variations in leaf reflectance and reveals dis-
tinct spectral signatures among grapevine varieties (Lacar et al.,
2001).

The present study investigates the use of contact spectrora-
diometry for the discrimination of grapevine varieties in vine-
yards from Rio Grande do Sul, Brazil, with a particular focus
on distinguishing between Vitis vinifera and Vitis labrusca cul-
tivars. One hybrid variety and a rootstock were included as
auxiliary classes to assess model performance, rather than as
central targets of the analysis. The main objective is to identify
spectral regions with high discriminative power by analyzing
leaf reflectance and to evaluate the effectiveness of analytical
approaches such as spectral ratio, derivatives and Linear Dis-
criminant Analysis (LDA). By characterizing spectral differen-
ces among varieties, this work aims to support the development
of classification models that enhance vineyard monitoring, to
assist in origin certification with application in public policies
aimed at territorial management of viticultural production.

2. Material and methods
2.1 Data Collection

For the selection of the study site we looked for an already-
existing situation of the simultaneous presence, within the same
area (meaning less than a few hectares), of both vinifera and
labrusca vines. The smallness of area would ensure that en-
vironmental differences (as soil and microclimate) would be
minimized. Moreover, we looked for an as large as possible
diversity of grape varieties, to have a better statistical sample
representing both groups. We were able to locate a producer
that satisfies these criteria, displaying an expressive diversity of
grape varieties in a relatively small space (less than three hec-
tares).

Spectral data were collected in December 2024 from vineyards
located in the municipality of Mariana Pimentel, Rio Grande
do Sul, Brazil. Measurements were carried out using a hand-
held FieldSpec® 3 ASD spectroradiometer, operating across
the 350-2500 nanometers (nm) spectral range. The instrument
was equipped with a Contact Probe, which contains an inte-
grated light source, and a Leaf Clip. System calibration was
performed using a Spectralon® white reference panel.

Five plants per variety were sampled, and one leaf was collected
from each plant — except for Cabernet Sauvignon, from which
two leaves per plant were measured, in view of future studies
also incorporating transmittance spectra — totaling 60 leaves.



Leaves were harvested from the mid-canopy region and measu-
red immediately after collection. For each leaf, five reflectance
spectra were acquired at two distinct positions on the adaxial
surface (upper and lower regions), avoiding major veins. This
procedure was designed to capture intra-leaf variability and en-
sure more representative spectral profiles. In the case of the
Paulsen 1103 rootstock, only one measurement per leaf was
taken due to its morphological uniformity.

In summary, 50 spectra were obtained for each variety (100
for Cabernet Sauvignon) and 25 for the rootstock, totaling 575
spectra. One spectrum presented a measurement error and was
identified as an outlier; therefore, it was excluded from the
dataset, resulting in 574 adaxial surface reflectance spectra co-
vering the following varieties: Barbera, Cabernet Sauvignon,
White Garganega, Merlot, Sangiovese, Syrah, Isabella, White
Niagara, Rose Niagara, Goethe, and Paulsen 1103 (Table 1).

Identifier | Variety
ba Barbera
cs Cabernet Sauvignon
ga White Garganega
g0 Goethe
isa Isabella
me Merlot
nb White Niagara
nr Rose Niagara
sa Sangiovese (Brunello clone)
sy Syrah

enx_pe Paulsen 1103 rootstock

Table 1. Analyzed grapevine varieties.
2.2 Processing and Analysis

The use of hyperspectral data presents great potential for bio-
physical characterization and for detecting subtle variations in
the spectral signatures of leaves. However, this requires a
deeper understanding of the quality of the spectral responses
associated with different types of vegetation and environmental
conditions (Lacar et al., 2001; Pithan et al., 2021). As high-
lighted by Schroeder (2000), the performance of a detection
system is often evaluated using the signal-to-noise ratio (SNR),
with higher SNR values allowing more accurate identification
of subtle differences between leaf spectra.

The signal-to-noise ratio (SNR) varies as a function of
wavelength, and is defined as the ratio between the mean re-
flectance and the associated standard deviation. The SNR was
estimated at wavelengths close to the values recommended by
the spectroradiometer manufacturer: 620 nm, 1150 nm, and
2200 nm, based on reflectance measurements obtained from the
Spectralon® white reference panel.

The data analysis methodology applied in this study is based
on previous works by Pithan et al. (2021), Tsai and Philpot
(1998), and Blackburn (2006), and was developed with the aim
of identifying wavelengths with high discriminative power for
grapevine variety differentiation. The workflow involves the
calculation of mean reflectance spectra, spectral ratios, first de-
rivatives, standard deviations, and LDA combined with a For-
ward Stepwise variable selection procedure.

The preprocessing steps included detector-level leveling correc-
tion, spectral smoothing, and normalization by the area under
the spectral curve. The ultraviolet range (350-399 nm) was ex-
cluded due to its high noise level.

After preprocessing, mean reflectance spectra were calculated
for each variety. Figure 1 shows the mean spectral reflectance
curves of the grapevine varieties analyzed in this study.
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Figure 1. Mean spectral reflectance curves of the samples.

Next, the ratio point-to-point between each different pair of
mean spectra were generated. Ratios between spectra, as used
by Pithan et al. (2021), can reveal subtle spectral differences.
The first derivatives of these ratio curves are shown in Figure 2,
highlighting regions where slope changes are most pronounced,
which suggest indicates discriminative spectral features.
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Figure 2. First derivative curves of the spectral ratios,
highlighting the regions with the most significant differences
between variety combinations.

The variability of the derivatives was expressed by their stan-
dard deviation, allowing the identification of spectral regions
with the highest inter-varietal variability. Based on this ana-
lysis, a preliminary selection of wavelengths was carried out
by applying a minimum distance constraint between selected
bands to avoid redundancy.

To select the final set of wavelengths, the Forward Stepwise
algorithm was combined with Linear Discriminant Analysis
(LDA). At each step, LDA evaluates whether a candidate band
improves class separation by maximizing the ratio between
inter-class and intra-class variance. Wavelengths that signi-
ficantly increase separability are retained, while redundant or
non-informative ones are excluded. Linear Discriminant Ana-
lysis (LDA) leverages the selected wavelengths by combining
them into linear discriminant functions that maximize between-
group variance while minimizing within-group variance. In
practice, each of the final selected wavelengths contributes with
a weighted coefficient, reflecting its discriminative power, to



build a reduced set of canonical axes in which varietal sepa-
ration is optimized. The accuracy and robustness of the re-
sulting LDA models were then evaluated through 5-fold cross-
validation.

3. Results

The results demonstrate that spectral analysis using con-
tact spectroradiometry enables efficient discrimination of the
grapevine varieties analyzed. The assessment of data quality
through the SNR yielded values of 445, 2642, and 544 for 620
nm, 1150 nm, and 2200 nm, respectively, high enough to ensure
the reliability of reflectance measurements.

The spectral ratio method, combined with the calculation of
first derivatives and their standard deviations, allowed the iden-
tification of spectral regions with the highest variability among
varieties. These regions are mainly located in the visible spec-
trum—particularly in the green and red-edge regions—and in
the shortwave infrared (SWIR). The spectral ratio process gene-
rated 55 pairwise comparisons between varieties, highlighting
wavelengths where the ratios deviated most from 1, indicating
greater discriminative potential.

A total of 21 wavelengths were preselected, distributed across
the VNIR (400-1050 nm), SWIR1 (1051-1800 nm), and
SWIR2 (1801-2500 nm) regions, maintaining a minimum spa-
cing of 25 nm between bands to avoid redundancy. These band-
widths are in accordance with the optimum spectral bandwidths
for agricultural applications, as indicated by Ray et al. (2010).
The preselection was based on derivative variability.

The application of Forward Stepwise selection combined with
LDA and 5-fold cross-validation resulted in the identification
of the ten most discriminative wavelengths: 428, 497, 649,
674, 699, 724, 1408, 1515, 1540, and 1858 nm. Model perfor-
mance analysis showed that the progressive addition of bands
improves accuracy up to a saturation point—around 10 to 12
bands—beyond which the inclusion of additional bands does
not yield significant improvements and may increase the risk
of overfitting. Figure 3 shows how the average accuracy varies
with the increase in the number of wavelengths used in the LDA
model.

The selected wavelengths fall within specific spectral regions
that represent known leaf characteristics. The bands at 428,
497, 649, 674, and 699 nm are located in the visible region,
which is dominated by pigment absorption. According to Hen-
nessy et al. (2020), chlorophylls a and b exert the strongest in-
fluence on absorption in this region, followed by carotenoids
and anthocyanins. The band at 724 nm, in the red-edge re-
gion of the near-infrared, is associated with internal leaf struc-
ture, chlorophyll concentration, and water content. The bands
at 1408, 1515, 1540, and 1858 nm lie within the shortwave in-
frared, primarily related to water absorption, but also associated
with lignin, cellulose, and tannin content. The set of selected
wavelengths is consistent with feature selection reported in pre-
vious studies, both at the leaf and canopy scales.

The final LDA model achieved an average classification accu-
racy of approximately 93% (70% training / 30% testing). The
confusion matrix shown in Figure 4 illustrates the model’s per-
formance in discriminating between varieties. Each row cor-
responds to the true variety of the sample, while each column

LDA Performance Curve

0.9

0.8

0.7 1

0.6 1

0.5

Mean Accuracy (Cross-Validation)

12345678 91011121314151617 18192021
Number of Wavelengths
Figure 3. Performance curve showing how the average accuracy

(obtained through cross-validation) varies with the increase in
the number of wavelengths used in the LDA model.
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Figure 4. Confusion matrix of the LDA model based on selected
wavelengths, illustrating the classification performance among
the analyzed groups.

represents the predicted variety by the model. The values indi-
cate how many samples were classified into each combination
of true versus predicted classes.

The projection of the samples into the 2D discriminant space,
shown in Figure 5, revealed three well-defined clusters: (A)
Vitis vinifera cultivars, (B) hybrids and American species (Vitis
labrusca), and (C) the Paulsen 1103 rootstock, confirming the
effectiveness of the applied methods.

In the projection of Figure 5, it can be observed that the va-
rieties classified as labruscas share the space with the hybrid
Goethe, a pattern particularly evident for the Isabella variety.
Although generally classified as a labrusca, Isabella is descri-
bed in different sources as a hybrid between V. labrusca and
Meslier Petit (VIVC, 2025). Furthermore, the White Niagara
and Rose Niagara varieties present a genetic proportion of V.
vinifera through their ancestor Concord, as demonstrated in
studies such as (Huber et al., 2016). These findings indicate
that future investigations into the origin of these varieties may
be relevant, especially since this factor appears to be captured
by the discrimination models.

Tests applying different minimum-spacing criteria for band se-
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Figure 5. Projection of the samples onto the LDA model space
using the selected wavelengths, highlighting three distinct
groups: (A) Vitis vinifera cultivars, (B) hybrids and American
species (Vitis labrusca), and (C) the Paulsen 1103 rootstock.

lection resulted in alternative wavelength sets, yet all were con-
centrated in the same spectral regions. This consistency indi-
cates that varietal discrimination is predominantly driven by
specific spectral features, which reflect the biochemical and
morphological characteristics of the leaves. These features are
associated with pigment absorption bands, water content, and
regions related to the internal leaf structure. Therefore, the
method maintains its efficiency even with slight variations in
the selected wavelengths.

The results confirm the feasibility of using spectral analysis as
an auxiliary tool for varietal mapping, traceability, and origin
certification in viticulture. Nevertheless, some limitations of
the study may introduce biases and should be addressed in fu-
ture work with broader datasets. These include the geographi-
cal scope, since the data were collected in a single municipality
with specific soil and terrain characteristics; the sample scope,
as only one field campaign was conducted (December 2024),
without accounting for seasonal variability; and methodologi-
cal aspects, as the measurements were based on foliar contact
spectra, which may require adaptations for application with pro-
ximal or remote sensors.

4. Conclusion

The results suggest that certain wavelengths play an instru-
mental role in the spectral separation between the two studied
groups. As several regions in southern Brazil are undergoing
processes of wine origin certification, this knowledge can sup-
port the fine-tuning of aerial observing and monitoring devices,
which are increasingly available in both local and international
markets.

Furthermore, the findings indicate that contact spectrora-
diometry, combined with spectral analysis methods and mul-
tivariate statistics, represents a promising approach for the dis-
crimination of grapevine varieties. The most relevant spec-
tral regions for this differentiation are concentrated in the vi-
sible and near-infrared (VNIR) and shortwave infrared (SWIR)

ranges, reflecting the biochemical composition and structural
characteristics of the leaves.

Overall, the results demonstrate that systematic variations exi-
st in the spectral signatures of the analyzed varieties, and that
these variations can be effectively exploited through spectral
analysis combined with statistical methods, enabling the iden-
tification of spectral regions with the highest discriminative
power between varietal groups.
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