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ABSTRACT

Precision viticulture methods should be adapted to the viticultural context to provide relevant
insights. This study evaluated the potential and constraints of established precision viticulture
techniques in the Valpolicella wine region, which is characterised by small, irregularly shaped
vineyard parcels trained using the traditional overhead Pergola system, and where mixed plots
of autochthonous cultivars are often grown. Two vineyards were monitored for intra-vineyard
variability, one of which was assessed over two seasons. Sentinel-2 and UAV-derived parameters
were measured along with ground-based sensor data, including the canopy crop water stress
index (CWSI), soil volumetric water content (VWC), and NDVI. Traditional agronomic
measurements and berry quality parameters were also collected and integrated with sensor
data into a dataset, which was then explored using multivariate analysis to validate the sensor
data. Despite structural features that were expected to challenge top-down remote sensing, the
Sentinel-2 and UAV-derived data exhibited highly similar spatial patterns and were in turn
consistent with ground-based measurements. This result may be attributable to the horizontal
pergola canopy, which enhanced its visibility from above. In the autochthonous multivarietal
vineyard, the sensor-derived data successfully identified intra-parcel variability in agronomic
parameters, independently of the cultivar plot layout. Skin thickness, a highly relevant berry trait
for Valpolicella wines produced from withered grapes, was negatively correlated with CWSIL.
This study highlights the value of an integrated multiple-parameter approach that leverages
sensor-derived data and paves the way for precision viticulture application in the Valpolicella.
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INTRODUCTION

The application of sensor systems in viticulture allows rapid and
comprehensivedatacollectionacrossextendedparcels, enabling
the detection of intra-vineyard variability and improvement
of vineyard management (Ammoniaci et al., 2021; Ferro &
Catania, 2023; Loggenberg et al., 2024; Mizik, 2023).

Despite their widespread use, the precision and accuracy of sensor
data are highly sensitive to operational conditions, which strongly
depend on the viticultural context. Specific climatic conditions
and landscape configurations may increase or decrease the overall
spatial variability and affect the regional relevance of precision
viticulture (Bramley et al., 2019; Ledderhof et al, 2017).
Different vineyard structural features, such as topography, plant
density, trellis systems, row orientation, and soil, may influence
the interpretation of remote sensing data (Zanchin et al., 2024).
Moreover, sensor-derived vigour variability does not always
have the same agronomic significance. While high vigour
is often associated with delayed ripening and lower quality
(Reynolds, 2010), its effect can be limited for intrinsically
vigorous cultivars (Squeri ez al., 2021) or even be beneficial under
warm conditions, as it improves the berry microclimate leading
to high berry quality (Bonilla et al., 2015). Therefore, sensor
applications in new viticultural scenarios are usually accompanied
by preliminary evaluations and adaptations of existing approaches
to the specific characteristics of each environment.

The Valpolicella wine region, located in northeastern Italy,
is an area where sensor-based approaches have not yet been
fully integrated into or adapted to the local viticulture. The
shift toward modern mechanised viticulture has resulted in
the reconfiguration of Valpolicella’s landscape, which was
historically dominated by terraced vineyards but is now
characterised by levelled vineyard layouts. This results in
a high degree of soil variability across the region, as well
as small-sized and irregularly shaped vineyards. Despite
modernisation, viticulture in Valpolicella remains traditional.
Mostly autochthonous varieties (e.g., Corvina, Corvinone,
Rondinella, Molinara) are cultivated using the traditional
overhead Pergola trellis system, in which grape clusters
hang beneath the canopy. The region further maintains an
ancient winemaking practice, named withering, a postharvest
technique employed to produce high-quality, prestigious
wines vinified from slowly and partially dehydrated grapes
(Accordini, 2013). To ensure slow dehydration kinetics, berry
and cluster morphological parameters should be taken into
consideration, and harvest is therefore often selective. These
structural, varietal, and production-specific features should be
evaluated to determine whether meaningful information can be
extracted using conventional precision viticulture techniques.

This work aimed to evaluate the informative potential of
various sensor systems for detecting intra-parcel variability
within two Valpolicella vineyards representative of the
region’s landscape and agronomic characteristics. Through
the integration of remote and ground-based data, the study
examined both the strengths and the constraints of applying
precision viticulture tools within this regional, environmental,
and agronomic context.

MATERIALS AND METHODS

1. Vineyards

1.1. Pedemonte

Vineyard #1 was located in Pedemonte (Verona, north-east
Italy; 45°30°25.13” N, 10°55°27.78” E) at 120 m above sea
level, covering 0.7 ha and consisting of seven 318 m-long
vine rows oriented ~ 20° eastward from the north-south axis.
The parcel was divided by a dirt road into two uniformly
managed sections. Cv. Corvina 10-year-old vines were grown
organically and trained to a Pergola trellis system at a height
of 1.5 m, with a row and vine spacing of 3.5 m and 1.0 m,
respectively. Vines were pruned to two 10—12 bud fruiting
canes. Drip irrigation was supplied by a line installed 40 cm
below the cane wire, with emitters spaced 0.5 m that were
activated depending on the seasonal weather conditions. This
vineyard was monitored across six blocks of 15 vines over
two years (2023-2024).

1.2. Nassar

Vineyard #2 was located in Nassar (San Pietro in Cariano,
Verona, north-east Italy; 45°29°4.86” N, 10°55°24.94” E)
at 83 m above sea level. The 25-year-old vines were non-
irrigated and trained to a Pergola trellis system over an area
covering 0.9 ha. The row and vine spacing were 4 and 1 m,
respectively, with 1.7 m vertical trunks pruned to four 10—
12 buds fruiting canes per vine. The rows were oriented ~ 15°
westward from the north-south axis, featuring alternating
plots of four different cultivars: six rows of Molinara, eight
rows of Corvina, nine rows of Corvinone, and nine rows
of Rondinella. Eight blocks were selected (two blocks per
cultivar plot) and monitored during the 2022 season.

2. Ground-truth measurements

2.1. Vine measurements

In both vineyards, bud fruitfulness was assessed after
tendril growth during phenological stages #53-57 using
the BBCH scale (Lorenz et al., 1995). Bud fruitfulness was
assessed on six randomly selected canes per block, and was
calculated as the number of inflorescences (excluding those
from secondary shoots) per total number of buds, including
undeveloped ones.

In Nassar vineyard, further vine measurements were
conducted. Six additional shoots per block were randomly
selected and measured for their lengths at three time points
during #15-67 BBCH (Lorenz et al., 1995). The weekly
increase was divided by seven to calculate daily shoot
elongation. Three additional shoots per block were randomly
sampled during #67 BBCH (Lorenz et al., 1995), and were
used to calculate the leaf area-to-length ratio: individual
leaves on each shoot were measured to determine total leaf
area using a LI-3100C Area Meter (LI-COR Biosciences,
Lincoln, NE, USA), and this value was normalised by the
corresponding shoot length. To estimate total leaf area per
vine, the average leaf area-to-length ratio was multiplied by
the average shoot length at #67 BBCH (Lorenz ef al., 1995),
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the average number of shoots per cane (comprising the six
canes assessed for bud fruitfulness), and four canes per vine
in the Nassar trellis system.

At harvest, the yield was determined in both vineyards.
Clusters from the primary shoots of three and six vines per
block in Nassar and Pedemonte, respectively, were harvested,
counted, and weighed to determine the average cluster weight
and yield per vine.

2.2. Berry quality parameters

At around #86—88 BBCH (Lorenz et al., 1995), the mid-late
stages of berry ripening, a pool of approximately 200 berries
was randomly collected from each block. Skin thickness
was determined on 30 berries using a digital microcaliper
(Hoffmann Group, Padova, Italy) after carefully separating
the skins from the pulp and drying them to remove surface
moisture. A further 150 berries were divided into three
lots and weighed using a digital scale (EU500, Gibertini
elettronica srl, Milan, Italy). Next, the berries were crushed
and the juice was used to determine total soluble solids
(TSS) and pH employing a digital refractometer (HI96811,
Hanna Instruments, Padova, Italy) and a pH-meter (HI96812,
Hanna Instruments, Padova, Italy), respectively. Titratable
acidity (TA) was determined by manual titration of 7 mL
of must with 0.1 M NaOH as the titrant. The anthocyanin
and polyphenol content were determined by adjusting
the method reported in Di Stefano and Cravero (1991).
Fresh berry skins of the remaining berries from the same
pool were separated from the pulps, and 6 g of skins were
macerated in 15 % ethanol, 5 g/L tartaric acid and 100 mg/L
metabisulfite for 72 h. The macerates were read in a Cary
50 UV-Visible Spectrophotometer (Varian Inc., Turin,
Italy) after being diluted with an ethanolic solution of HCI
(70:30:1, ethanol:H,O:HCI, v/v). The reading was carried out
at 280 and 540 nm to detect total polyphenol and anthocyanin
content, respectively. The absorption results were interpreted
by a calibration curve prepared with gallic acid and malvidin-
3-O-B glucoside standards and expressed as mg/g.

3. Ground-based sensors

3.1. Vine and soil water status

A handheld thermal camera was used to capture the canopy
temperature employing FLIR E6 (320 x 240 pixels; Teledyne
FLIR LLC, Wilsonville, Oregon, USA), which was used to
calculate the crop water stress index (CWSI) as described in
Jones et al. (2002). A leaf sprayed with water and imaged five
minutes after application was used as the wet reference, while
a leaf covered with vaseline and imaged 25 minutes after
application served as the dry reference. The reference images
were captured at the beginning and end of each sampling and
averaged for wet and dry references, respectively. Sampling
was conducted during the hottest months of the year, July and
August, within an optimal midday window (12:00-14:00) to
detect differences in vine water status not associated with
severe water stress (Ru et al., 2020).

To access the sun-exposed side of the Pergola canopy, a
small ladder was used, with 10 images taken approximately

60 cm from the canopy. Non-canopy pixels (e.g., trellis
system wires, dry leaves, sky, soil) were cleaned from each
image employing Exiftool (Harvey, 2016) in the R Studio
environment (R Core Team, 2021), using the R packages
Thermimage (Tattersall, 2021).

A FieldScout TDR 350 Soil Moisture Meter (Spectrum
Technologies INC., Aurora, IL, USA) was used to measure
the soil volumetric water content (VWC) by positioning two
20 cm probes vertically to the ground, in 10 sites within each
block, in the vine root zone, and at least 30 cm distant from
the emitters. Samplings were scheduled at least two days
after any rainfall.

3.2. Canopy vigour

Canopy vigour was estimated by employing a handheld
GreenSeeker® NDVI sensor (Trimble Inc., Westminster,
Colorado, USA) during BBCH 71-81 (Lorenz et al., 1995).
The instrument was positioned 1 m below and parallel
to the angled overhead Pergola canopy, while a white
reflective board was placed above the canopy to reflect any
sensor signals passing through canopy gaps, as described in
Drissi et al. (2009) (Figure S2). Sensing was conducted at
moderate to nearly fully developed leaf area between BBCH 71
and 81 (Lorenz et al., 1995), with 10 replicates per block.

4. Remote sensors

4.1. Airborne imagery

The studied vineyards were investigated by a DJI Matrice 600
Pro unmanned aerial vehicle (UAV) (Z DJI Technology Co.,
Ltd, Shenzhen, Guangdong, China) equipped with MicaSense
RedEdge-MX multispectral camera (MicaSense, Inc., Seattle,
Washington, USA). The flights were conducted on 02 July 2022
for Nassar vineyard and on 24 June 2023 and 08 June 2024
for Pedemonte vineyard in the daytime (10:00-15:00). The
aerial survey was conducted parallel to the ground at a flight
speed of 3 m/s, an altitude of 40 m above ground level, and
a ground sampling distance of 3 cm/pixel, and using forward
and side overlap settings of 70 %. Imaging was performed
using a camera equipped with an array of sensors and band-
pass filters centered at 475 nm (Blue), 560 nm (Green), 668 nm
(Red), 717 nm (Red Edge), and 842 nm (NIR). PIX4Dfields
software (Pix4D SA) was used for radiometric calibration and
orthomosaics generation. The orthomosaics were then aligned
in the QGIS software environment (Version 3.16.16, Hannover,
Germany) using four ground control point coordinates acquired
by a Trimble® R2 global navigation satellite system (Trimble
Inc., Westminster, Colorado, USA). The digital elevation model
(DEM) was obtained for each vineyard. To discriminate between
canopy pixels and non-canopy ones, SAGA k-means Clustering
for Raster tool (Conrad et al., 2015), guided by MSAVI and
MCARI indices, was applied on the NDVI raster (Table S1). The
clusters containing no-canopy pixels were filtered out, leaving
only canopy pixels. A 0.5 m point grid was established over the
filtered NDVI raster, and the NDVI values were extracted for
each point and interpolated within the vineyard boundaries using
ordinary kriging to generate a continuous map based solely on
canopy pixels. This map was classified into three categories (high,
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medium, and low vigour) using a Quantile classification method.
NDVI values were averaged per block, considering only canopy
pixels, and the number of canopy pixels per block was calculated
to estimate the canopy dimension as observed from above
(2D canopy).

4.2. Satellite imagery

Sentinel-2 level-2 A (MSIL2A) satellite imagery was
downloaded from the Copernicus Open Access Hub (European
Space Agency). One set of images was selected to match the
dates closest to the UAV flights, from which the NDVI was
calculated. A second set of images was used to calculate the
NDWI (Table S1). Image acquisition dates coincided with the
VWC measurements, except in three cases in which images
were acquired within three days of the VWC measurements.
These dates were carefully selected to ensure they were periods
without precipitation or significant temperature changes. All
acquisition dates are summarised in Supplementary dataset
S1. The indices were resampled as needed to obtain 10 m/
pixel resolution and aligned using the Georeferencer tool in
the QGIS software environment (Version 3.16.16, Hannover,
Germany), using the same GCPs as previously described.

5. Statistical analyses

Analyses were done employing R Studio environment (R Core
Team, 2021). Measurements taken within each block were
averaged to obtain one representative value, and each block was
treated as an independent experimental unit. Parameters collected
for each vineyard were analysed separately for each year. Data
was analysed by pair-wise Pearson’s correlation and presented as
a correlation matrix using the corrplot package (Simko, 2021).
Given the limited sample sizes (n = 6 for Pedemonte and n = 8
for Nassar), formal assessment of distributional assumptions was
not informative; hence, correlation analyses were interpreted
cautiously. To account for multiple testing, p-values were
adjusted using the Benjamini—-Hochberg false discovery rate
(FDR) procedure. Hierarchical clustering analysis (HCA) was
conducted using Pearson’s correlations as the distance measure
and visualised as dendrograms using the base R package. The
coefficient of variation (CV) was calculated for each parameter.
A linear mixed-effects model (LMM) was fitted to evaluate the
sensitivity of NDWI to VWC variations using the Ime4 package,
with significance assessed using the /merTest package. Block-
level data collected from vines and berries were interpolated
across the vineyards using the inverse distance weighting (IDW)
method, which is suitable for a small sample size, and classified
using the Quantile classification method within the QGIS
software environment (Version 3.16.16, Hannover, Germany).

RESULTS

1. Weather conditions

Weather data was recorded during the period 2022-2024
from 01 April to 31 October by a weather station located
at Castelrotto (Verona, north-east Italy; 45°29°58.91” N,
10°53°56.03” E) (Figures S1A, B and C), which is situated
approximately 4 km from both study vineyards. Year 2023

was characterised by excessive heat, reaching the highest
cumulative GDD of 2040 °C, compared to 1947 °C in 2022
and 1970 °C in 2024 (Figure S1D). Despite being the warmest
year, 2023 experienced multiple rainfall events with a total of
768 mm, which were relatively well distributed throughout
the season. Comparable rainfalls were registered in 2024
(760 mm), whereas 2022 was particularly drier, receiving
only 341 mm of rainfall.

2. Pedemonte vineyard

The Pedemonte vineyard, characterised by an elongated and
narrow layout, was monitored during the 2023 and 2024
growing seasons. The data collected are summarised at the
block level in Supplementary dataset S1. The DEM shows a
gently undulating terrain (Figure 1A), the elevation gradually
decreasing from northeast to southwest (1.5 %) and slightly
increasing just south of the dirt road dividing the vineyard.
In 2023, the UAV NDVI map showed a general decrease
in vigour along the terrain’s main slope (Figure 1B), with
a CV of 2.5 % between blocks (Supplementary dataset S1),
while in 2024, there was a shift in the lowest NDVI values
towards the dirt road (Figure 1C) and the CV was reduced
to 1 %. Quantile classification on UAV NDVI data indicated
comparable NDVI intervals for the low-vigour class in both
years (0.857—0.865 in 2023; 0.859-0.865 in 2024), whereas
the medium- and high-vigour classes exhibited markedly
narrower ranges in 2024. Specifically, the medium-vigour
class shifted from 0.866-0.873 in 2023 to 0.863—0.864 in
2024, and the high-vigour class from 0.874—0.880 in 2023
to 0.865-0.866 in 2024 (Figures 1D and E). Sentinel-2
NDVI data generally presented higher between-block CVs
compared to UAV NDVI, and confirmed the lower vigour
variability in 2024, with a lower CV (2.5 %) compared to
2023 (6.6 %) (Supplementary dataset S1). Sentinel-2 NDVI
maps generally followed the trends of the UAV NDVI maps,
successfully detecting interannual modifications in vigour
patterns (Figures 1F and G).

2.1. Relationship between sensor data and vine and
berry measurements

Consistent with the decrease observed from 2023 to 2024 in
remotely sensed NDVI, several parameters associated with
vigour also showed reduced variability in 2024, including
ground-based NDVI, yield, and berry weight (Supplementary
dataset S1). Other berry parameters also decreased in CV
values, such as TSS, anthocyanins, polyphenols, and CWSI.
By contrast, 2D canopy, bud fruitfulness, skin thickness,
acidity, pH, and VWC did not show the same reduction in
variability, and some even showed a marked increase in CV.
In both years, HCA divided the parameters into two main
branches (Figures 2A and B): one grouped all three NDVIs,
2D canopy, bud fruitfulness, yield, berry weight, VWC, and
TA, and showed relatively high and stable internal cohesion
(d=0.5;2023,d~0.4;2024); the other grouped anthocyanins,
polyphenols, CWSI and pH parameters, showing comparable
associations in 2023 (d = 0.5) and weaker cohesion in 2024
(d = 0.8). Within each branch, tighter relationships among
specific parameters were consistently observed across
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FIGURE 1. Remote sensing in Pedemonte vineyard during 2023-2024.

A. Digital elevation model [DEM). B-C. NDVI maps obtained from UAV imagery [NDVI UAV). DE. Vigour class maps derived from UAV
NDVI data. F-G. NDVI maps obtained from Sentinel-2 imagery (NDVI Sent2). Numbers indicate the six blocks monitored.

years, such as between VWC and berry weight (d = 0.1),
with significant positive correlation in 2024 (r = 0.95;
q < 0.05, Figure 2D), and between CWSI and pH (d < 0.1)
(Figures 2A and B), with significant positive correlations
in 2023 (r = 0.95; ¢ < 0.05, Figure 2C). Parameters located
on opposite main dendrogram branches generally exhibited
negative inter-cluster correlations. In particular, pH and
CWSI showed stronger and more consistent negative
relationships with most parameters in the opposing branch,
whereas berry parameters such as TSS, anthocyanins, and
polyphenols displayed weaker and less consistent negative
associations with those same parameters.

Interpolated maps based on block-level data were used to
facilitate visual comparison of variability among blocks,
across parameters, and between seasons. Although derived
from a limited number of blocks, most of the maps aligned
with patterns derived from remote sensing data and
consistently indicated a north-south variability gradient in
both years (Figure 3).

2.2. Assessment of Sentinel-2 sensitivity to soil moisture

The sensitivity of Sentinel-2 to physical vineyard variations
was evaluated using repeated NDWI measurements across
the two years and ground-truthed against VWC data
(Supplementary dataset S1). Soil moisture and canopy
water status were selected, because changes in soil moisture
directly influence canopy water status and their values vary
non-directionally throughout the season, unlike vigour
measurements, which tend to increase over time and

whose signals may become saturated (Curran et al., 1983).
NDWI was plotted against VWC in a single plot including
all sampling dates; the corresponding trend lines were
largely parallel, indicating date-dependent variability in the
relationship (Figure S3). To account for this variability, as
well as for repeated sampling within the same six blocks, an
LME model was used to evaluate the relationship between
NDWI and VWC, including these sources of variability as
random effects in the following model:

NDWI ~ VWC + (1 |Block) + (1 | Date)

The LME results showed that NDWI responded significantly
to changes in VWC, but the effect was weak, indicating low
sensitivity (3 =0.00227+0.00052 SE, p <0.001) (Table S2).
Variance partitioning showed that sampling date explained
most NDWI variability (0.00749), while block effects were
minimal (0.00011). VWC and NDWI interpolated maps
visually represented block-level data distribution in the
vineyard and showed strong pattern similarities between
the two parameters, both within and between seasons
(Figure 4). Notably, the VWC and NDWI-derived maps
showed high pattern similarities with CWSI-interpolated
data in both monitored years (Figure 3).

3. Nassar vineyard

The Nassar multivarietal vineyard included four cultivar plots
(cv. Corvina, Corvinone, Rondinella, and Molinara) (Figure 5A)
monitored during the 2022 growing season. The data collected
are summarised at the block level in Supplementary dataset

OENO One | By IVES

2026 | volume 60-2


https://ives-openscience.eu/

Shmuleviz et al.

2023 Py
& & &Q* & a\é’é\ &

A C \\\ \\\ & & .@ G
S P & @ & W @ &S

® g

0.0 0.4 0.8 NDVI Sent2
oH NDVI UAV
Ccwsl
Anthocyanins
Polyphenols
NDVI GB

Yield

Skin thickness
Bud fruitfulness
TA

TSS

NDVI UAV
Berry weight
NDVI Sent2
2D canopy
VwC

NDVI GB

2D canopy

Bud fruitfulness

Berry weight

Skin thickness = 0.41

vwcC

‘%ETTTE

TSS -0.09 0.11
Anthocyanins

Polyphenols = 0.09

2024 & 5

0.0 0.4 0.8
NDVI Sent2

NDVI UAV NDVI UAV
Berry weight
NDVI GB
VWC

2D canopy
TA

Yield

NDVI Sent2
Bud fruitfulness
Skin thickness
TSS

pH

Cwsl
Anthocyanins
Polyphenols

Berry weight = 0.01
Skin thickness 047 0.33

vwWC

(T

TSS 0.24 0.06 0.30

Anthocyanins

Polyphenols
-1 08 0.6 0.4 0.2 0 0.2 04 0.6 0.8 1

FIGURE 2. Correlation analyses between parameters measured in Pedemonte vineyard during 2023-2024.

AB. Hierarchical clustering analysis using Pearson’s coefficients as a distance. C-D. Pearson’s correlation coefficient (r] matrices.
Asterisks represent stafistically significant correlations after Benjomini—Hochberg False Discovery Rate (FDR) correction (g < 0.05 = *;

g<0.01 = **) based on Hest. Sent2 = Sentinel-2. GB = Ground-based.
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FIGURE 3. Interpolated maps of Pedemonte vineyard during 2023-2024.

Each map displays interpolated values of the measured parameters derived from six vineyard blocks, indicated with numbers.

GB = Ground-based.

S1. The DEM indicated a slight topographic slope of about
1.25 % from the north-west to the south-east (Figure 5B).
By contrast, the UAV NDVI map revealed a vigour gradient
increasing from the north-east to the south-west, orthogonal to
the slope, with between-block CVs of about 2 % (Figure 5C).
The classification of the vineyard into three vigour classes
highlighted a spatial pattern that was independent of the cultivar
plot layout (Figure 5D). The Sentinel-2 NDVI map showed
a similar trend to the UAV NDVI map, although it exhibited
higher between-block variability (CV = 14 %) (Figure 5E).

3.1. Relationship between sensor data and vine and
berry measurements

HCA identified a tight clustering (d = 0.2) between vigour-
related data obtained from sensors (e.g., three NDVIs, 2D
canopy), direct canopy measurements (leaf area, shoot
elongation rate, pruning weight), and yield (Figure 5F). The
strongest association was found between 2D canopy and
Sentinel-2 NDVI (r = 1.00; ¢ < 0.001); pruning weight was
also strongly correlated with Sentinel-2 NDVI (» = 0.90;
q <0.05), yield (» = 0.89; ¢ < 0.05) and 2D canopy (r = 0.88;
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q <0.05). In addition, UAV- and ground-based NDVI showed
strong associations with shoot elongation rate (» = 0.97;
q <0.01 and » = 0.93; ¢ < 0.05, respectively) (Figure 5QG).
TA, often associated with high vigour and strongly
influenced by varietal effects, resulted as an outlier within
the vigour branch (d = 0.5) (Figure 5F). A separate tight
cluster (d = 0.2) grouped traits more strongly influenced by
varietal characteristics, including anthocyanins, polyphenols,
skin thickness, and berry weight, along with VWC, the only
non-cultivar-related parameter in this cluster. Two additional
compact clusters (d = 0.2), TSS with bud fruitfulness and
pH with CWSI were positioned apart from the main groups,
indicating that these traits operate independently from the
main vigour- and varietal-related clusters.
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Block-level interpolated maps further highlighted that vine-
level parameters (e.g., ground-based NDVI, shoot kinetics,
pruning weight, yield, bud fruitfulness, and CWSI) together
with VWC, exhibited spatial patterns consistent with those
detected by the remote sensors (Figure 5H). By contrast,
spatial maps of berry traits (e.g., berry weight, skin thickness,
anthocyanin content, TA, and pH) did not align with those
of the vigour-related parameters and partially followed the
cultivar plot (Figure SH). Berry weight, skin thickness, and
anthocyanin content were higher in the Corvinone plot,
consistent with its large fruit morphology and phenolic profile.
Conversely, TSS showed higher concentration in the Corvina
plot, consistent with early ripening of this cultivar compared
to the other three. The TA map partially reflected varietal
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FIGURE 4. Water distribution in Pedemonte vineyard over two consecutive seasons.
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FIGURE 5. Spatial variability of Nassar vineyard.

A. Map of cultivar plots. B. Digital elevation model (DEM|. C. NDVI maps obtained from UAV imagery (NDVI UAV). D. Vigour class
maps derived from UAV NDVI data. E. NDVI maps obtained from Sentinel-2 imagery (NDVI Sent?). Numbers indicate eight blocks
monitored across four cultivar plots. F. Hierarchical clustering analysis using Pearson’s coefficients as a distance. G. Pearson’s correlation
coefficient r) mafrix. Asterisks represent statistically significant correlations after Benjamini-Hochberg false discovery rate (FDR) correction
[@<005=*g<001="**g<0.001 = ***), based on +est. H. Interpolated maps of parameter values measured in eight
vineyard blocks. Sent2 = Sentinel-2. GB = Ground-based.
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influence, showing the lowest TA values in Rondinella berries,
but also mirrored the vigour variation across the vineyard,
with higher TA values observed in the south-eastern area.

DISCUSSION

This study evaluated the efficiency of established precision
viticulture methods in detecting intra-parcel variability
within vineyards of the Valpolicella wine region, an area that
has received limited attention using such approaches.

The discontinuous vine canopy complicates the application
of top-down, sensor-based methods, as it requires the canopy
to be distinguished from the background. This challenge is
further aggravated by the small parcel size, irregular geometry,
and inter-row cover crops that characterise Valpolicella
vineyards. Having a large pixel size, low-resolution
sensors inevitably capture both canopy and non-canopy
elements, introducing noise and reducing measurement
precision (De Petris et al., 2024; Khaliq et al., 2019;
Zsigmond et al., 2025). High-resolution sensors may enable
more effective isolation of canopy pixels, which can then
be interpolated to reconstruct continuous, canopy-based
spatial representations (Sozzi et al., 2020). However, in
cover-cropped vineyards, separating the canopy from the
background remains challenging even at high resolution.
Moreover, in small vineyards with irregular shapes, high-
resolution data may still result in the limited and uneven
sampling of canopy pixels, thereby reducing the robustness
of spatial interpolation.

Despite these structural and methodological limitations,
the Sentinel-2 NDVI map, with its relatively coarse spatial
resolution (10 m pixel™), showed spatial patterns similar
to those derived from UAV NDVI maps interpolated from
canopy pixels (3 cm pixel™), even though the between-block
variability was higher in Sentinel-2 NDVI data, probably
due to mixed pixels capturing non-canopy elements. These
parameters also exhibited several statistically significant
correlations with each other and with the 2D canopy
parameter (i.e., the number of canopy pixels), indicating
their consistency in detecting vigour variability in the
monitored vineyards. A stable relationship between Sentinel-
2-derived canopy water status and soil moisture across
two seasons in Pedemonte vineyard further supports the
ability of low-resolution imagery to capture spatial patterns.
However, this relationship lacked sufficient sensitivity for
the accurate estimation of absolute soil water content for
irrigation management. A possible explanation for the high
correspondence between the remote sensor parameters lies
in the canopy architecture of the Pergola trellis system,
which is oriented nearly parallel to the sensor plane. This
configuration increases the canopy visibility to a top-down
sensor while reducing interference from inter-row cover
crops. As a result, the signal from the canopy is enhanced,
reducing noise and improving sensor performance even at
lower resolutions. A direct comparison with vertically trained
systems, such as vertical shoot positioning, would help
validate this hypothesis.

By contrast, while the Pergola system may favour top-
down remote sensing, it limits the applicability of ground-
based canopy sensors. The elevated overhead canopy
restricts access to the sun-exposed curtain, which is required
for certain measurements, such as canopy temperature
acquisition using thermal cameras (Grant et al., 2016).
It also complicates the use of active handheld NDVI
sensors, which require a white reference panel behind the
canopy (Drissi et al., 2009). This structure also constrains
machinery access by limiting the feasibility of on-the-go
ground-based sensing and reducing both data volume and
precision (Bono et al., 2026; Tardaguila et al., 2021). In our
study, ground-based sensing methods were adapted to these
constraints; however, while they provided consistent results
relative to ground-truth measurements, they were time-
consuming, potentially operator-dependent, and less suitable
for large-scale applications. As a result, this could reduce
statistical accuracy.

A key strength of this study lies in the integration of a multi-
sensor approach, combining information on vine vigour and water
status with complementary vine- and berry-based measurements.
This resulted in a comprehensive dataset that enabled vineyard
variability to be examined from multiple perspectives.

The Pedemonte vineyard was monitored across two seasons,
anddespite limited NDVIranges, several relevantagronomical
and oenological parameters correlated with NDVI (e.g.,
yield, VWC, TSS, and anthocyanins) showed substantial
variation between blocks, while other parameters exhibited
stable relationships. Bud fruitfulness reflects early-season
reproductive potential (Reynolds, 2010) and was linked to the
final product parameters. Yield and berry weight, aligned with
early-season vigour indices, showed strong relationships with
TA and pH, but weaker associations with TSS, polyphenols,
and anthocyanins, indicating that vigour variability only
partially translated into berry composition. The tendency
of vigorous vines to maintain higher berry TA has been
previously reported (Dorin et al., 2024; Ferro et al., 2023),
and a stronger association between TA and vine vigour
compared to TSS has been reported (Di Gennaro et al., 2019;
Ferrer et al., 2020). Besides being highly responsive to
vigour variation, pH had strong associations with CWSI.
Water stress may increase K' accumulation in berries
through upregulation of transport mechanisms, contributing
to higher pH. In fact, the upregulation of the K" channel
JVvKI1.1 gene was observed in berry phloem vasculature
under drought conditions (Cuéllar et al., 2010). Although
direct physiological measurements of water status were
not included, the agreement between these sensor-derived
parameters supports their reliability in assessing vine water
status, in line with previous findings (Ru et al., 2020).

VWC and CWSI also proved informative for berry
morphology. VWC was positively associated with berry
weight, while CWSI was negatively associated with both
skin thickness and berry weight. Berry morphology is
particularly critical in Valpolicella berries intended for
post-harvest dehydration before vinification, where skin
thickness strongly influences dehydration kinetics and
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final wine quality (Rolle et al., 2012). During ripening,
berry softening and expansion may lead to skin thinning
(Hardie et al., 1996), whereas under water deficit conditions,
skin thickening has been reported (Porro et al., 2010). These
contrasting mechanisms may explain the weak relationships
observed between berry skin thickness and vine vigour
parameters. Low-vigour vines may develop thinner berry
skins due to accelerated ripening dynamics; however,
when low vigour is driven by water deficit, stress-induced
skin thickening may occur instead. The consistent inverse
relationship between skin thickness and CWSI observed
in this study suggests that, in the Pedemonte vineyard,
berries from areas with higher CWSI were more influenced
by accelerated ripening dynamics than by stress-induced
thickening. Additionally, the Pergola trellis architecture may
play a role. The horizontal canopy curtain is highly exposed
to solar radiation, while clusters remain shaded beneath it.
This configuration may decouple canopy temperature from
cluster thermal conditions, implying that high canopy CWSI
does not necessarily correspond to berry-level stress.

Another defining characteristic of Valpolicella is the
combined vinification of the autochthonous cultivars to
produce local wines. Given their shared use, these cultivars
are often grown side by side and managed as a single unit.
This raises the question of whether precision viticulture
methods should be applied collectively across cultivar plots
or tailored to individual cultivars. In the multivarietal Nassar
vineyard, vigour indices and vine agronomic parameters
exhibited spatial patterns that were not associated with
cultivar distribution, whereas several berry-related traits
showed clear cultivar-dependent patterns. This indicates that
berry trait variability was primarily driven by cultivar rather
than site-specific agronomic conditions. Accordingly, while
NDVI-based approaches remain effective for agronomic
characterisation in multivarietal Valpolicella vineyards,
their ability to capture cultivar-specific berry traits is limited
unless variety-specific models are developed.

CONCLUSIONS

This study provides a preliminary assessment of the feasibility
and challenges associated with applying sensor-based
approaches in the distinctive viticultural area of Valpolicella.

Analyses of the extensive dataset revealed relationships
between sensor-derived parameters and vine and berry traits.
These included expected correlations (e.g., NDVI and berry
acidity, VWC, and berry weight), as well as associations
between traits of particular relevance for the Valpolicella
area (e.g., CWSI and skin thickness). Notably, the use of a
relatively low-resolution sensor such as Sentinel-2 proved
effective even in the small vineyards typical of the region.
This performance may be attributed to the Pergola trellis
system, whose horizontally-developed canopy reduces
background interference for top-down sensing.

Beyond confirming known pairwise relationships at the
regional scale, this study highlights the value of an integrated,
multi-sensor approach combining complementary indicators

of vine vigour and water status. Such an approach enhances
the applicability of precision viticulture methodologies in
viticultural regions with similar structural and management
characteristics.
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