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ABSTRACT

Vegetation indices (VIs) are quantitative measures used to describe the distribution and
spatial variability of the vegetation cover of natural or cultivated areas. The aim of this
study was to delimit homogeneous zones (HZs) of different VIs using geostatistics and
multivariate analysis in order to identify vegetation patterns in Cabernet Franc and
Cabernet Sauvignon vineyards. The evaluation was performed in two vineyards in the
municipality of Espirito Santo do Pinhal in the state of Sdo Paulo, Brazil. Reflectance (p)
was measured at three wavelengths of the electromagnetic spectrum (670, 730, and 780
nm) at canopy height in georeferenced points along planting rows using the Crop Circle
ACS-430 active sensor. Nine VIs were calculated based on the ratios between the p
values. Geostatistical data analysis allowed the spatial prediction of VIs by ordinary
kriging interpolation. Principal component analysis and fuzzy k-means clustering were
applied for HZs delimitation and the optimal number of zones was defined according to
cluster validity functions. Despite the variations of the VIs spatial distribution patterns,
the multivariate analysis resulted in a representative categorization of the grapevine
vegetative vigor and delimitation of HZs for this characteristic. This was validated
according to the observed significant differences between VIs.

BY

INTRODUCTION

Vegetation indices (VIs) are calculated as ratios of
reflectance measurements in different spectral bands,
particularly the visible and near-infrared bands, of part of
the solar radiation that interacts with leaves that compose a
plant canopy. They are traditionally used in remote sensing
to evaluate the current state of vegetation, taking
advantage of differences in reflectance patterns between
vegetation and other surfaces (Payero et al., 2004).

The spectral signature of leaf tissue is correlated
with its photosynthetic pigment content, its cell anatomical
structure, and its water content. Because VIs are associated
with plant biophysical characteristics, they are related to
many crop agronomic characteristics, such as leaf area
(Vina et al., 2010), plant nutrient and health status
(Cammarano et al, 2014; Feng et al., 2017), and soil
physical and chemical characteristics (Bernardi et al.,
2017). VIs are commonly used for spatial analysis of
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vegetation development and may therefore also aid in
selecting management practices in cultivated areas.

Assuming that the crop vegetative status can vary
spatially, mapping VIs is essential to identify
homogeneous zones (HZs) that can differentiate intrinsic
variations in these areas. Local changes in VI spatial
distribution patterns together with analysis of other
environmental parameters may therefore indicate the need
of acting on possible causes of this variability. This should
be performed by the adoption of site-specific management
as a practice of precision agriculture.

Delimiting HZs of vegetative growth is particularly
important for wine grape cultivars because their productive
characteristics are affected by plant vigor. Delimiting HZs in
vineyards therefore allows one to obtain grapes and wines of
different qualities, depending on crop development and
growth conditions. Trougtht & Bramley (2011) studied
selective harvesting based on spatial and temporal variations
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in vine vegetative vigor, inferred from spectral reflectance
measurements, and observed the influence of this variation
on qualitative aspects of fruit maturation.

In delimiting HZs, each variable corresponds to a
specific crop or field characteristic and represents a layer
of information. Multivariate analysis methods may
therefore be used to jointly evaluate the spatial distribution
of several cultivated area characteristics, allowing the
delimitation of HZs for several characteristics of interest.
This type of approach was used by Aggelopooulou et al.
(2013) to delimit HZ for soil properties, yield, and fruit
quality in an apple orchard, considering spatial and
temporal variations. Similarly, multivariate analysis
applied to spatial interpolated data of different VIs may be
used to identify variations in crop vegetative vigor that can
describe the relationship between different aspects of the
crop’s spectral behavior. This methodology is particularly
useful for the analysis of VI wvariations, used for
delimitation of HZs, because different VIs may have
different spatial distribution patterns in a given area,
resulting in different HZ validation results. HZ validation
is performed by identifying differences in the variables of
interest between different HZs.

The aim of the present study was to characterize the
spatial distribution of several VIs using geostatistics and
define HZs representative of the vegetative status of
Cabernet Franc and Cabernet Sauvignon vines using
multivariate VI analysis.

MATERIAL AND METHOD

The study was performed at two commercial wine
vineyards (Vitis vinifera L.), planted with cultivars
Cabernet Franc (Area 1) and Cabernet Sauvignon (Area 2),
in the municipality of Espirito Santo do Pinhal in the state
of Sao Paulo, Brazil (Area 1: 22° 10" 41.11" S, 46° 42'
11.77" W; Area 2: 22° 10' 43.53" S, 46° 42' 14.69" W).
Both Area 1 and Area 2 have an average altitude of 1,182
m and an area of 1.50 ha and 0.59 ha, respectively. The
region’s climate has been classified as B3rB’3a’ (Rolim et
al., 2007). The soil in both areas has been classified
predominantly as eutrophic Tb Haplic Cambisol (Santos et
al., 2018), with texture varying between loamy-sandy-
clayey (Area 1) and sandy-clayey (Area 2).

///////////

Area 2
Cultivar: Cabernet Sauvignon
Area: ~0.59 ha

Number of rows: 25

Number of plants: ~1967

14

Cultivars Cabernet Franc and Cabernet Sauvignon
were grafted on Paulsen 1103 rootstocks, spaced 3.0 m
between rows and 1.0 m between plants, trained in an
unilateral Royat cordon system using a vertical trellis
system. The areas were drip-irrigated, with two emitters
per plant and at an average flow rate of 1.60 L h'! per
emitter. Irrigation management was based on replacement
of crop evapotranspiration (ETc, mm day™').

The double pruning system (Regina et al., 2006)
was used in the vineyards. Evaluation was based on
reflectance (p) measurements, performed by proximal
sensing at canopy height, followed by calculation of VIs,
once during the grapevine cycle (November 8, 2017). Data
for VI calculation were measured in the field using the
Crop Circle portable system with an ACS-430 active
sensor (Holland Scientific, Lincoln, USA). The sensor
incorporates three optical measurement channels,
simultaneously measuring crop spectral reflectance at 670
nm (pg, red), 730 nm (prg, red edge), and 780 nm (pnir,
near-infrared). The data were stored in a GeoSCOUT
GLS-400 data logger (Holland Scientific, Lincoln, NE,
USA). Data collection was performed by systematic
sampling, moving the sensor along the whole length of the
planting row. Planting rows were oriented northeast-
southwest (NE-SW) in both areas, and had an average
length 105.43 + 26.85 m in Area | and 74.36 £ 24.40 m in
Area 2. The sensor was placed at a height of approximately
0.30 m from the top of the plant canopy and set for 10
readings per second, resulting in an average of 8.11 + 2.25
and 7.62 + 0.32 p measurements per meter of plant row, and
a total 38,402 and 14,461 sampling points, for Areas 1 and
2, respectively. The sampling points were simultaneously
georeferenced with data collection, using a HiPer GGD
Global Navigation Satellite System (GNSS) receiver
(TOPCON, Pleasanton, USA), with the signal corrected by
Real Time Kinematic (RTK). Data were acquired during the
morning, between 12h:16 min and 14h:16 min UTC. The
total operational time was approximately 0.40 and 1.07 h,
assuming an average walking speed of 4.58 + 0.55 and 4.73
£ 0.20 km h!, for Areas 1 and 2, respectively. The planting
row layout in the study areas, which guided the p data
collection, is presented in Figure 1.

N

0 25 50m
—

FIGURE 1. Representation of the perimeter and planting row layout of the study areas considered for reflectance (p) data
acquisition. Reflectance was measured at three wavelengths, at canopy height, using the Crop Circle ACS-430 active sensor,
and used to calculate VIs. The study areas were planted with Cabernet Franc and Cabernet Sauvignon vines.
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The p measured at canopy height was used to calculate nine different VIs measured with the active sensor (Table 1).

TABLE 1. Vegetation indices (VIs) calculated from reflectance values measured using an ACS-430 sensor.

Abbreviation Equation

Vegetation index

SRI PNIR /PR

Chll (pNir /pre) — 1

NDVI (pNR - pr)/(PNIR + pR)

NDRE (pNIR - PRE)/(PNIR + PRE)

CCcCI [(onR - prE)/(PNIR + PRE))/[ (PNIR - PR)/(PNIR + PR)]
NLI (pniR? - pr)/( pNiR? + pR)

RDVI (onR - pR)/(PNIR + pR)'?

MSR [(oni /pR) - 1] (pnir /o) - 1]

IPVI PNIR/(PNIR + pR)

Simple Ratio Index — Red

Chlorophyll Index — Red Edge

Normalized Difference Vegetation Index
Normalized Difference Red Edge

Canopy Content Chlorophyll Index
Non-Linear Vegetation Index
Re-normalized Difference Vegetation Index
Modified Simple Ratio

Infrared Percentage Vegetation Index

A descriptive statistical analysis was performed on
the p measured at the three wavelengths and the nine VIs
calculated, which were summarized in measures of central
tendency and dispersion, using the R 3.3.3. software (R
Core Team, 2017). Relative dispersion was evaluated
based on the coefficient of variation (CV), and classified
as low (CV < 15%), moderate (15 < CV < 35%) or high
(CV > 35%), according to Wilding (1985).

Spatial characterization, based on p and VI
variation and distribution along the vineyard, was
performed by geostatistical analysis, using the Vesper 1.6
software (Minasny et al., 2005). Geostatistical analysis
was performed in two stages. First, semivariograms were
fitted based on the assumption of the stationarity of the
intrinsic hypothesis and of the semivariance calculation
v(h), according to [eq. (1)] as follows:

y(h) = [1/2N()] XL, [Z(x) — Z(x; — h)]? )
Where,

N(h) is the number of measured value pairs, Z(x;) and
Z(x;+h), separated by a vector h (Grego & Oliveira, 2015).
Assuming  the  exponential model, theoretical
semivariograms were fitted by the automatic fitting
method using a moving window procedure (Haas et al.,
1990), as recommended for large sampling densities (>
5000 points). The pre-selection of the exponential model
was based on previous geostatistical analyses performed
for characterization of the spatial distribution of VlIs
(particularly the normalized difference vegetation index -
NDVI), measured by proximal sensing, for wine grape
cultivars growing in areas adjacent to the present study
areas. The evaluation of the fitting quality showed lower
root mean square error (RMSE), which represents the
average magnitude of the estimated error (Oliveira, 2015),
for the exponential model compared to that of the
remaining models evaluated (Gaussian and spherical). The
exponential model for fitting of the theoretical
semivariogram is described by [eq. (2)] as follows:

y(h) = Cy + C;[1 — exp(—3h/a)] 0<h<d (2
Where,

y(h) is the semivariance for the fitted model; Cy and C; are
the fitting parameters of the nugget and sill effect,
respectively; 4 is the distance; a is the variogram range; and
d is the maximum distance by which the semivariogram is
defined (Grego & Oliveira, 2015). In the model selection
options, the ratio between the number of value pairs and the

semivariance standard deviation was used as a weighing
factor when fitting the theoretical to the empirical
semivariogram, using weighed non-linear regression.

The second stage of the geostatistical analysis
consisted of spatial inference determined by interpolation
of the p and VI values by ordinary kriging. Thematic maps
were then generated by importing the interpolated data into
a Geographic Information System (GIS), using the QGIS
2.18.17 software (QGIS Development Team, 2016). The
intervals for each variable (p and VI) were categorized into
three classes, adopting the Jenks Optimization method as
classification rule, which minimizes the intrinsic
differences and maximizes the differences between classes
(Fraile et al., 2016). An explanation of the classification
procedure used in building choropleth maps according to
the Jenks Optimization, and its comparison to other
methods, can be found in Ramos et al. (2016).

Using the interpolated VI values, a multivariate
analysis was performed to delimit HZs, using two
processes: principal component analysis (PCA), using the
R 3.3.3 software (R Core Team, 2017), and clustering
analysis of the scores of the selected principal components
(PCs) using fuzzy k-means clustering (non-hierarchical
iterative) in the FuzME 3.5 software (Minasny &
McBratney, 2002). Notably, only PCs with an eigenvalue
> 1 were selected (Tripathi et al., 2015). The optimal
number of HZs was selected based on the fuzziness
performance index (FPI) (Fridgen et al, 2004) and
modified partition entropy (MPE) (Boydell & McBratney,
2002). FPI is a measure of the degree of separation
between observations, i.e. between the interpolated data,
and the clusters generated whereas MPE is a measure of
the amount of disorganization between clusters (Fridgen et
al., 2004). Clusters constituted by 2 to 5 HZs were tested
and the ideal category size was chosen based on the lowest
FPI and MPE. The lowest number of HZs resulting from
VI clustering was also chosen based on the Wilks Lambda
(A) (Wilks, 1932), which is the ratio between the cluster
intrinsic and total variance.

Finally, the HZ classes were validated by
comparing the means for each VI, calculated from a
sample of p values from the original data set, by analysis
of variance, using the Tukey test, at p<0.05, applying the R
3.3.3 software (R Core Team, 2017).
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RESULTS AND DISCUSSION

A numerical summary of the descriptive statistics
for the set of observed p and calculated VI values is
presented in Table 2. Regarding reflectance at each
wavelength, the highest relative variability was observed
for red (pr) for both areas, as indicated by the CV (32.57%
for Area 1 and 54.67% for Area 2). The CV was classified
as moderate (15 < CV < 35%) for Area 1 and high (CV >
35%) for Area 2. The pr variability indicated high canopy
discontinuity along the planting rows, given the variation

16

in grapevines canopy density. This can be inferred because
the canopy reflectance in the visible and near infrared
regions is influenced by the amount of green tissue present
(Amaral et al., 2015). In addition, because Area 2
presented a higher CV than Area 1, the relative variation
was assumed to be higher for the Cabernet Sauvignon than
for the Cabernet Franc vine cover, indicating a biomass
decrease. For both areas, relative dispersion was lower for
pre than for the remaining wavelengths, and was classified
as low for both prg and pnir (CV < 15%).

TABLE 2. Descriptive statistics for reflectance (p) and vegetation indices (VIs). Reflectance was measured at three
wavelengths, at canopy height, using an ACS-430 active sensor. The study areas were planted with Cabernet Franc and
Cabernet Sauvignon vines.

Variables Mean Maximum Minimum Amplitude SD CV (%)
Area 1 (Cabernet Franc)
PR 2.861 15.730 0.650 15.080 0.932 32.57
PRE 20.380 24.500 17.470 7.030 0.588 2.88
PNIR 34.247 53.820 24.830 28.990 2.144 6.26
SRI 12.735 68.274 1.615 66.659 2.901 22.78
Chll 0.685 2.081 0.013 2.067 0.153 22.33
NDVI 0.846 0.971 0.235 0.736 0.047 5.52
NDRE 0.253 0.510 0.007 0.503 0.043 16.92
CCcCl 0.298 0.757 0.028 0.729 0.047 15.74
NLI 0.995 0.999 0.952 0.048 0.002 0.21
RDVI 5.150 6.906 1.505 5.401 0.325 6.30
MSR 2.543 7.263 0.271 6.992 0.424 16.67
IPVI 0.923 0.986 0.618 0.368 0.023 2.53
Area 2 (Cabernet Sauvignon)
PR 2.971 23.030 0.560 7.280 1.624 54.67
PRE 20.396 24.610 16.440 3.850 0.644 3.16
PNIR 34.222 72.270 24.690 13.710 2.302 6.73
SIR 13.079 55.518 1.072 23.074 3.857 29.49
Chll 0.683 3.396 0.003 0.978 0.164 24.03
NDVI 0.841 0.965 0.035 0.350 0.077 9.10
NDRE 0.252 0.629 0.002 0.276 0.046 18.35
CCcCI 0.299 0.961 0.016 0.294 0.049 16.41
NLI 0.995 0.999 0.927 0.017 0.004 0.42
RDVI 5.125 8.101 0.240 2.889 0.482 9.40
MSR 2.571 6.451 0.035 3414 0.571 22.20
IPVI 0.921 0.982 0.517 0.175 0.038 4.16

PR, PRE, PNIR: Teflectance at 670, 730 and 780 nm, respectively; SD: standard deviation.

The highest relative variation of VI was observed
for SRI and Chll, for both studied areas, but was classified
as moderate (15 < CV < 35%) in both cases. SRI and Chll
presented higher dispersion in Area 2 than in Area 1,
similar to that observed for pr. Because of its calculation
equation, SRI was negatively correlated with pr (670 nm)
and positively correlated with pnir (780 nm), showing the
same proportionality relative to canopy density. The low
pr together with high pnir therefore resulted in increased
SRI and indicated areas in the vineyards with a lower

The spatial distributions of reflectance at the three
wavelengths, measured using the ACS-430 sensor and VI
calculated based on reflectance values, for Areas 1 and 2
are presented in Figures 2 and 3, respectively. Variations
in the HZ spatial distribution pattern were observed for all
variables, but the VIs were best correlated with the p at the
wavelengths that were used in their calculation. Therefore,
the canopy content chlorophyll index (CCCI), Chll, and
normalized difference red edge index (NDRE) were more

predominance of empty spaces between plants and higher
vegetative vigor. Chll was negatively correlated with pre
(730 nm), and together with high pnir (780 nm), indicated
higher plant biomass. Notably, NLI was the VI with the
lowest variation with relative dispersion classified as low
(CV < 15%) for both areas.

negatively correlated with pre and pnir whereas the
infrared percentage vegetation index (IPVI), modified
simple ratio (MSR), NDVI, non-linear index (NLI),
renormalized difference vegetation index (RDVI), and
solar reflectance index (SRI) were more negatively
correlated with pg.
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PR N pRE pNIR
2.312-2.792 A 19.947 —20.317 31.894 — 33.957
2.792 - 3.068 20.317 — 20.470 33.957 — 34.499

W 3.068 —4.172 M 20.470 — 21.065 W 34.499 — 35.869

0 2550 m
—
SRI ChlI NDVI
9.257 - 12.158 0.517 - 0.664 0.783 — 0.835
12.158 - 13.133 0.664 —0.703 0.835 - 0.850
M 13.133 -15.028 ¥ 0.703 - 0.800 M 0.850 - 0.875

NDRE CCCI NLI
0.204 — 0.246 0.255 -0.292 0.991 - 0.994
0.246 — 0.257 0.292 -0.303 0.994 — 0.995
M 0.257 - 0.285 M 0.303 -0.328 1 0.995 - 0.996

RDVI MSR IPVI
4.718 — 5.081 2.002 —2.449 0.891 -0.917
5.081 - 5.185 2.449 —2.596 0.917 -0.925
I 5.185-5.382 M 2.596 — 2.881 1 0.925-0.938

FIGURE 2. Spatial distribution of HZs for reflectance (p) and VIs for Cabernet Franc vines. Reflectance was measured at three
wavelengths at canopy height using an ACS-430 active sensor.
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PR N pRE pNIR

0.294 —2.988 A 19.934 —20.302 32.164 —33.908
2.988 —3.741 20.302 —20.497 33.908 — 34.585
M 3.741 - 5.884 M 20.497 - 21.066 M 34.585 - 35.921

0 25 50m

—t—
SRI Chll NDVI
8.645 — 12.487 0.536 - 0.661 0.700 - 0.810
12.847 — 13.565 0.661 —0.709 0.810 —0.843
M 13.565 - 15.642 M 0.709 — 0.804 M 0.843 -0.878

NDRE CCCI NLI
0.206 — 0.245 0.273 —0.295 0.987 - 0.993
0.245 - 0.259 0.295 -0.306 0.993 —0.995
M 0.259 - 0.285 M 0.306 — 0.332 M 0.995 - 0.996

RDVI MSR IPVI
4.289 —4.962 1.777 - 2.451 0.850 — 0.905
4.962 —5.153 2451 -2.624 0.905—-0.922
5153 -5.381 M 2.624 —2.945 M 0.922 -0.932

FIGURE 3. Spatial distribution of HZs for reflectance (p) and VIs for Cabernet Sauvignon vines. Reflectance was measured at
three wavelengths at canopy height using an ACS-430 active sensor.
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The inversely proportional relationship between
VIs and pr can be explained by the typical absorption
spectrum of chlorophyll. Chlorophyll absorbs light more
strongly in the blue (~430 nm) and red (~660 nm) range,
being the least efficient pigment to absorb light in the
middle range, reflecting green light (~550 nm) (Taiz &
Zeiger, 2008). The relationship between reflectance,
represented by the VI, and leaf chlorophyll content was
demonstrated by Carmona et al. (2015) using spectra for
several cultivated areas and by Kooistra & Clevers (2016)
for potato (Solanum tuberosum L.) fields. However,
Amaral et al. (2015) observed a higher correlation between
sugarcane canopy reflectance, measured by proximal
sensing, and biomass and no correlation with the relative
chlorophyll concentrations. According to the authors, this
relationship was explained by the plant population
variability and the presence of gaps in the planting rows,
which more pronouncedly affects the reflectance

measurements. A similar case may occur in vineyards
because of the shape of the training system, in response to
the plant vegetative stage, and as a result of crop
management practices, such as different types of green
pruning (removing of leaves and branch tips) adopted
during the crop cycle, which affect canopy density.
Because of its applicability, VI remote sensing has been
adopted to evaluate parameters related to vine vegetation
status, namely to predict pruning weight (Dobrowski et al.,
2003), estimate leaf area (Drissi et al., 2009), monitor leaf
phenological development (Fraga et al., 2014), and
estimate plant water status (Pogas et al., 2015).

The results of the PCA for the interpolated VI
values mapped for both areas are presented in Table 3.
Two PCs (PC1 and PC2) were selected for all cases,
according to the selection criteria, because they presented
an eigenvalue > 1.

TABLE 3. Principal component analysis for the vegetation indices (VIs), calculated based on reflectance (p), for the two study
areas. Reflectance was measured at canopy height using an ACS-430 active sensor. The study areas were planted with

Cabernet Franc and Cabernet Sauvignon vines.

Area - cv. PC Eigenvalue Variance (%) Accumulated variance (%)
PC1 7.33 81.47 81.47
1-CF
PC2 1.30 14.47 95.94
PC1 7.10 78.86 78.86
2-CS
PC2 1.43 15.88 94.74
Principal Component Loading
Area - cv. PC SRI Chll NDVI NDRE CCCI NLI RDVI MSR IPVI
|-CF PC1 -0.939 -0.880 -0.934 -0.889 -0.703 -0.874 -0.988 -0.948 -0.937
i PC2 0.235 -0.465 0.315 -0.451 -0.702 0.264 0.017 0.257 0.317
9-CS PC1 -0.913 -0.878 -0.938 -0.896 -0.550 -0.876 -0.985 -0.943 -0.939
i PC2 -0.149 0.467 -0.308 0.431 0.825 -0.292 -0.091 -0.200 -0.309

cv.: cultivar; CF: Cabernet Franc; CS: Cabernet Sauvignon; PC: Principal Component

A large part of the data variance was explained by
PCl1, as indicated by the accumulated variance of 81.47%
for Area 1 and 78.86% for Area 2. PC2 explained 14.47%
and 15.88% of the total variance, and resulted in an
accumulated variance of 95.94% and 94.74%, for Areas 1
and 2, respectively. PC1 and PC2 therefore explained most
of the VI total variance for both areas.

Based on the PC loadings for both areas, PClI
represented most VI. CCCI was the VI with the highest
loading, and the only one with high expression, in PC2,

——FP] —+-MPE --w-A (a)

Index value
[ T e T e T e T e Y e |

.:;‘I e 'iu Ii-.p-'l "-I'-‘L ILh

1 2 £ 4 5 6

Number of homogeneous zones

particularly for Area 2. A predominance of RDVI
participation in PCl was also observed, presenting a
higher negative loading than that of the remaining
components for both areas.

The results of the validation for selection of the
ideal number of HZs, based on the FPI, MPE, and A for
each category, are presented in Figure 4. The spatial
distribution of the optimal number of HZs obtained by the
clustering analysis of interpolated VI values is presented in
Figure 5.

—e—FPI —+-MPE --=-A (b)

Index value
[ T e TR e T e T e Y e |

.::I .;_. "[-_'l IL,J "_r_\g. IL,h
"

1 2 3 4 5, 6

Number of homogeneous zones

FIGURE 4. Fuzziness performance index (FPI), modified partition entropy (MPE), and Wilks Lambda (A) resulting from the
clustering analysis of different VIs, calculated based on p, for two study areas. Reflectance was measured at canopy height,
using an ACS-430 active sensor. The study areas were planted with Cabernet Franc and Cabernet Sauvignon vines.
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Area 1 (3 HZs) Area 1 (2 HZs) Area 2 (3 HZs)

0 50 100m 0 50 100m

—t—A —t—

Area 2 (2 HZs) A

50 100 m 0 50 100 m
—t—r

FIGURE 5. Spatial distribution resulting from the clustering analysis of VIs, calculated based on p, for two study areas.
Reflectance was measured at canopy height, using an ACS-430 active sensor. The study areas were planted with Cabernet

Franc and Cabernet Sauvignon vines.

For both areas, FPI and MPE were lower for the
clustering of Vs into three HZs than for the remaining
classes (0.131 and 0.135 for Area 1 and 0.130 and 0.133
for Area 2, respectively). However, the lowest A was
observed for the clustering into two HZs (0.208 for Area 1
and 0.231 for Area 2). Therefore, based on FPI and MPE,
three was considered the ideal number of HZs to represent
the canopy spatial distribution, as indicated by the VlIs.

the context of precision viticulture. Plant vigor is
particularly important in viticulture, because of the need of
a balance between vegetative and reproductive
development. Notably, vine physiological responses
depend on environmental conditions and are affected by
the adopted management practices (Steyn et al., 2016).

The analysis of vine vigor variability can also be
used to guide more efficient sampling practices. The

However, given the A values, VI clustering into two HZs
was also adopted and used for practical purposes of area
delimitation, because given the area extension, a higher
fragmentation could make site-specific management
operations in the vineyards impossible.

Based on the delimitation of vine canopy
variability, the evaluation of environmental properties that
affect the plant canopy characteristics, and monitoring of
the temporal stability of these characteristics,
differentiated management practices can be adopted within

design of vegetative vigor HZs can therefore guide the
evaluation of plant water status and productivity as
determined by the number of grape bunches and the
monitoring of grape quality and maturation.

The means of VlIs, calculated from a sample of p
values measured in points in each one of the HZs delimited
by the clustering analysis, and the results of the analysis of
variance for validation of the classification obtained by the
clustering analysis, are presented in Table 4.

TABLE 4. Means and analysis of variance for the differentiation of classes of HZs of different VIs calculated based on p for
the two study areas. Reflectance was measured at canopy height, using an ACS-430 active sensor. The study areas were
planted with Cabernet Franc and Cabernet Sauvignon vines.

HZ SIR CHLI NDVI NDRE CCcCI NLI RDVI MSR IPVI
Area 1 (Cabernet Franc)
1 11.410¢ 0.616 b 0.836 ¢ 0.235b 0.281b 0.995¢ 5.035¢ 2370 ¢ 0918 ¢

2 12.689 b 0.654 b 0.852b 0.246 b 0.289b 0.995b 5.149b 2.556b 0.926 b
3 14.066 a 0.722 a 0.866 a 0.265a 0.305a 0.996 a 5.288 a 2.747 a 0.933 a
Pr>F  4.3810° 5.8010°% 1.9210% 6.5510° 9.9910* 22410° 555107 5.9210° 1.92 10
1 11.137b 0.618b 0.825b 0.234b 0.282a 0.994 b 4.985b 2.311b 0913 b
2 13.384 a 0.689 a 0.857a 0.255a 0.298 a 0.996 a 5210a 2.646 a 0.929 a
Pr>F 1.2410° 479102 258103 346102 14810 2921073 3.4110° 1.391073 2.591073
Area 2 (Cabernet Sauvignon)
1 14321 a 0.725a 0.865a 0.265a 0.306 a 0.996 a 5284 a 2.766 a 0.932a
2 11.563 b 0.668 a 0.827b 0.249 a 0.303 a 0.994 b 5.040b 2.362b 0913 a
3 13.515a 0.675a 0.854 a 0.250 a 0.292 a 0.995 a 5.179 ab 2.649 a 0.927 a
Pr>F 3.5510° 2.0210% 296103 20410 426100 442103 422107 2.97 107 295107
1 13.446 a 0.657 a 0.855a 0.246 a 0.288 a 0.995 a 5.163 a 2.641 a 0.927 a
2 11942 a 0.680 a 0.830a 0.252 a 0.305a 0.994 a 5.070 a 2412 a 0915a
Pr>F 9.70 457! 5.5410% 497107 1.09107  7.4710% 2.22 10 8.16 102 5.521072

HZ: homogeneous zones. Means with the same letter are not statistically significantly different according to the Tukey test, at p<0.05.
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For Area 1, considering the division of spatial
variability into two categories, significant differences
between the HZs were observed for all VIs except CCCI,
confirming the differentiation between the HZ delimited
by the clustering analysis. In the area cultivated with
Cabernet Franc, the highest average VIs were observed for
HZ 3, classified as presenting higher canopy density than
HZs 1 and 2. For Area 2, considering three HZs,
significant differences between HZs were observed only
for SRI, NDVI, NLI, RDVI and MSR. No significant
differences in these indices were observed between HZs 1
and 3 whereas they were significantly lower for HZ 2.
However, for Area 2, categorization into two HZs resulted
in no significant differences in any VIs included in the
clustering analysis. Dividing the area with cv. Cabernet
Sauvignon into only two categories was therefore not
sufficiently sensitive to identify the spatial variability of
the canopy density. Despite of this result, the set of
analyses performed in the present study supported the
spatial evaluation of overall vegetation status of vineyards
based on the variations in canopy reflectance measured by
proximal sensing.

CONCLUSIONS

The multivariate analysis of vegetation indices
allowed the delimitation of HZs of vegetative vigor, with
different patterns of spatial distribution, in Cabernet Franc
and Cabernet Sauvignon vineyards.

Differences between HZs were confirmed by
analysis of variance of the VIs used for their validation, for
the clustering into two or three homogeneous zones for
Area 1 and three homogeneous zones for Area 2.
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