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A B S T R A C T

The use of cover crops in vineyards is considered a management strategy that contributes to improving soil
structure. Remote sensing techniques of cover crops provide information on spatial variability that can be useful
in precision viticulture. This study aims to investigate soil-plant interactions using biometric data, spectral
response and soil physico-chemical parameters measured across 2021–2022, with the scope of assessing spatio-
temporal variations of cover crop and vineyard. These evaluations were conducted on an on-farm vineyard in a
semi-arid Mediterranean environment. During the winter season (T1), the cover crop (Vicia Faba) growth was
evaluated. Equally, during the summer season (T2), vineyard monitoring was carried out during the phenological
stages of !owering (T2A) and grape ripening (T2B). Multispectral images acquired through unmanned aerial
vehicle (UAV) were employed, and subsequently, the normalized difference vegetation index (NDVI) was
calculated to obtain crops vigor maps. Through bivariate LISA cluster maps, cover crop vigor maps were
compared with those of the vineyard, revealing the presence of signi"cant positive spatial autocorrelation be-
tween the two crops. Indeed, in areas where the cover crop exhibited higher dry matter accumulation, grapevine
high vigor growth was observed. The spatial association identi"ed in surveys conducted in T1 and T2 was
examined considering soil parameters. It emerged that in areas where both the cover crop and the vines exhibited
high NDVI values, soil factors such as soil organic carbon (SOC) content and total nitrogen (TN) were higher.
Conversely, in areas where both crops showed low NDVI values, they were associated with higher soil bulk
density (BD). Moreover, in low vigor zones, higher soil penetration resistance (SPR) values were observed in both
T1 and T2, contributing to limiting root elongation and thus reducing overall crop growth. Vegetative growth
variability observed through vigor maps and soil physicochemical properties was evaluated through principal
component analysis (PCA). Soil parameters considered within these components highlighted their in!uence on
crop growth. This study emphasizes how soil factors directly in!uence the spatiotemporal variability of crops.
Monitoring cover crops allows for early detection of spatial variability, supporting vine growers in choosing
sustainable vineyard management techniques.

1. Introduction

The vineyard agroecosystem represents a complex agricultural
environment, where interactions between vines, soil, climate, and
farming practices play a crucial role in grape quality production. In this
context, understanding the dynamics of the vineyard agroecosystem is
essential for optimizing farming practices, promoting environmental
sustainability, and ensuring high enological standards. The importance

of environmental sustainability in the grapevine sector is increasingly
recognized, as traditional farming practices can have negative impacts
on soil, water, and biodiversity (Puig-Montserrat et al., 2017). Intensive
management of vineyards may result in soil compaction, depletion of
water resources, and erosion, compromising the functionality of the
agroecosystem. Crop operations and soil management systems can in-
!uence the soil physical properties over time, particularly about soil
bulk density (BD) and soil penetration resistance (SPR), which are
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signi"cantly in!uenced by soil tillage practices (Catania et al., 2013;
Ozpinar et al., 2018). If soil penetration resistance exceeds the value of
2.5 MPa, it hinders root growth in the soil, compromising their ability to
reach water and essential nutrients for growth (Whalley et al., 2007).
This threshold has commonly been accepted as a critical point beyond
which these negative effects occur. However, some studies have pro-
posed a higher threshold for agricultural soils, highlighting the
complexity of evaluating SPR and the importance of carefully consid-
ering speci"c soil conditions and the traf"c caused by agricultural ma-
chinery (Carrara et al., 2007; Håkansson and Lipiec, 2000; Hamza and
Anderson, 2005). Among the factors regulating soil physical properties,
soil porosity is a dynamic process in!uenced by various factors,
including soil water content and bulk density (Bhandral et al., 2007). In
cases of inadequate porosity, roots may effort to obtain oxygen,
compromising their metabolism and nutrient absorption capacity.
Furthermore, oxygen is crucial for the decomposition of organic matter
by microorganisms (Czyż, 2004; McArtney and Ferree, 1999). High
temperatures and arid conditions typical of the Mediterranean area can
accelerate the decomposition processes of organic matter in the soil. The
practice of conventional tillage such as chisel plough and rotary tillers
can promote the decomposition of soil organic carbon (SOC)(Laudicina
et al., 2012), resulting in an increase in soil penetration resistance
(Catania et al., 2018). Other observed phenomena include the associa-
tion between losses of soil organic carbon and increased sediment
erosion. These interdependent phenomena can in!uence the overall
vigor of the vineyard (Karn et al., 2024; Novara et al., 2018). In this
context, the practice of cover cropping in vineyard inter-rows proves to
be a promising strategy to enhance overall sustainability. It contributes
to improving soil structure by promoting the formation of stable ag-
gregates, increasing SOC storage, reducing bulk density (BD) (Wheaton
et al., 2008), enhancing porosity and promoting in"ltration, as well as
mitigating soil erosion (Kaye and Quemada, 2017; Novara et al., 2019).
Additionally, cover crops enhance water in"ltration, increase water
retention capacity, and promote nutrient balance (Haruna et al., 2020).
Research has con"rmed a strong correlation between soil aggregate
stability, soil structure, and organic matter content (Celik et al., 2010;
Hati et al., 2007; Haynes and Naidu, 1998). Soil stable aggregates help
to balance the ratio between macropores and micropores, consequently
reducing BD (Dexter, 2004; Guzmán et al., 2019). Cover crops, including
legumes, are characterized by their ability to contribute to soil nitrogen
accumulation. The phenomenon of nitrogen rhizodeposition by legume
roots represents a potential pathway from which vines could bene"t
(Wichern et al., 2008). However, the main nitrogen source resulting
from the practice of legume cover crops is due to the decomposition and
mineralization of the organic residues of legumes at the end of the
growing season (Fillery, 2001). The amount of nitrogen derived from
cover crop depends on a complex interaction of factors, including
legume species, duration of the growing season, and soil and climatic
conditions (Guerra and Steenwerth, 2012). In the Mediterranean area,
high soil temperatures and rainfall occurring after the burial of biomass
provide favourable conditions for rapid residue decomposition
(Shennan, 1992). Through the "xation and decomposition of legume
residues, a substantial amount of nitrogen (N) is stored in the soil.
However, it has been found that the amount of N from legumes that is
actually absorbed by cover-cropped vine plants is 12–15 kg
N/ha-1(Ovalle et al., 2010). The grapevine N uptake model depends on
soil availability and management techniques. This can give rise to
noticeable effects on vigor, regulating parameters such as canopy ef"-
ciency and shoot growth rate (Guerra and Steenwerth, 2012). None-
theless, vineyardmanagement in semiarid environments is complex, and
one of the main challenges being competition for water and nutrients
between cover crops and the vines. As a result, grapegrowers tend to use
cover crops in a temporary mode, especially with legume species posi-
tioned in the inter-rows and then buried at the beginning of spring
(Novara et al., 2011). The variations observed in the soil can directly
in!uence plant growth, potentially affecting their spectral signature.

More vigorous plants tend to have greater biomass, larger leaf area, and
a balanced chlorophyll content, which may result in a different spectral
signature compared to less vigorous plants. Crop growth monitoring can
be carried out using vegetation indices (VI), utilizing information
collected from sensors measuring radiation re!ected by plants across
different bands of the electromagnetic spectrum. More vigorous plants
generally exhibit higher re!ectance across most spectral bands. Among
the vegetation indices, the normalized difference vegetation index
(NDVI) is commonly used to assess crop growth variability, considering
re!ectance in the red and near-infrared bands (Rouse et al., 1974).
Several studies have investigated the advantages of using multispectral
sensors compared to traditional methods for crop monitoring. Among
these technologies, unmanned aerial vehicles (UAV) are increasingly
utilized as they enable more frequent and detailed monitoring of crops,
thanks to the high spatial resolution of the images (Sozzi et al., 2020).
Recent studies have shown that vigor maps derived from UAV, focusing
solely on vine vegetation, provide an accurate representation of vine-
yard variability (Ferro et al., 2023; Filippetti et al., 2013; Pádua et al.,
2019). NDVI has been extensively studied and demonstrated to be
closely associated with various vegetative and physiological parameters
of the vineyard, often used as a key factor for spatial management de-
cisions in vineyards (Campos et al., 2021; Caruso et al., 2017, 2023;
Matese and Di Gennaro, 2021). Understanding vineyard variability is of
strategic importance, as capturing the dynamics related to soil physical
and chemical properties, as well as climatic factors, is essential for
determining the sources of spatial variability (Gatti et al., 2022; Pereyra
et al., 2023). Yuan et al. (2019) identi"ed strong linear correlations
between cover crop biomass and NDVI, demonstrating that UAVs are
valid tools for obtaining relatively rapid and non-destructive estimates
of biomass. Damian et al. (2017) evaluated the effect of variability
caused by organic residues and released nutrients from cover crops on
the yield of subsequent main crops, using estimates based on NDVI maps
calculated from UAVs. Crop cover remote sensing can be used as a
’re!ector’ or ’bio-indicator’ of soil conditions. Futerman et al. (2023),
leveraging this concept, proposed the use of prescription maps for the
primary crop’s basic fertilization, relying on maps depicting the vari-
ability of cover crop vigor. The spatiotemporal assessment in precision
agriculture is carried out by considering Local Indicators of Spatial
Autocorrelation (LISA). These consist of speci"c indices to evaluate the
presence of spatial clusters or simultaneous spatial dispersions for two
variables in a speci"c area (Anselin and Rey, 2014). These statistical
methods have recently been applied to images acquired from UAVs,
aiming to compare different vegetation index maps of a vineyard with
other maps related to parameters derived from in-situ ground charac-
terizations (Matese et al., 2019; Pastonchi et al., 2020).

Based on these studies, site-speci"c variability corresponding to
cover crop and vineyard across two different seasons of the crop cycle
was investigated. A comparative study was conducted considering the
main factors in!uencing plant growth, including soil physical and
chemical properties, and crop biometric data that determine variations
in their spectral response.

2. Materials and methods

2.1. Study area and experimental design

The experimental vineyard under study is in southern Italy, specif-
ically in the Bianco Alcamo protected designation of origin (PDO) area
(37◦55′12 #N and 13◦04′27 #E). Based on the methodology of an on-farm
experiment, a study was conducted in 2021–2022 in a 16-year-old
vineyard located in Camporeale (Palermo, Italy) at Tenuta Rapitalà
(Fig. 1a). The trial was carried out in a drip-irrigated vineyard cultivar
�Cattarratto’ vines grafted onto 140 Ru rootstock. Vineyard had a
planting distance of 2.40 m between rows and the vines are spaced at a
"xed distance of 1 m. Rows are North-East-South-West (NE-SW) ori-
ented with a double cordon training system. The vines were pruned to
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two buds per spur, each spur being spaced approximately 0.15 m apart.
The vertical canopies were managed with three sets of double wires for
foliage and individual shoot positioning. The area is characterized by a
Mediterranean climate (summer drought) according to Kottek et al.
(2006). The climate of this area is classi"ed as Csa and can alternatively
be described as semi-arid according to the Thornthwaite moisture index
(Peel et al., 2007). Rainfall is distributed throughout autumn, winter,
and spring, with the highest rainfall intensities observed during the
autumn season. Mean air temperature ranging from 18.3 to 24.6 ◦C,
while mean annual rainfall from 700 to 820 mm. The total experimental
area is 8 hectares with irregular orography and elevation ranging from
340 to 369 m above sea level. The graph in Fig. 1 shows the average
planar slope of the plot under investigation. Considering plot average
length “λ” (m) and digital elevation model (DEM) values (Fig. 1b), it was
possible to determine the average slope, which is 7.69 %.

The soils are vertisols with typical characteristics of clayey soils ac-
cording to FAO (2006). The main soil properties, determined before
setting up the experimentation and referring to 0–0.20 m soil layer are
reported in Table 1. Soil texture, reaction (pH) and electrical conduc-
tivity (EC) were determined in the laboratory. Soil reaction was
measured in distilled water using a soil/solution ratio of 1:2.5 (w v-1)
and a glass membrane electrode, while soil EC was determined in
distilled water using a soil/distilled water ratio of 1:5 (w v-1). The soil is
characterized by a clay loam texture with pH equal to 7.66 and 0.19 dS
m-1 cation exchange capacity.

Before cover crop sowing in October 2021, tillage was carried out
with a horizontal spring tiller with 7 chisel-type shares, at a depth of
0.15 m. Subsequently, a legume species (Vicia fava L.) was sown as cover
crop. This cover crop was seeded using a combined power harrow with a
mechanical seed drill, in the beginning of November 2021. Sowing was
carried out in vineyard in the inter-row areas, 0.20 m row spacing, and

0.05 m depth, with the amount of 90 kg ha-1. Cover crops were me-
chanically buried by plowing in the 0.20 m depth in spring (mid-April).
After the cover crop was buried and topsoil aerated, the vineyard was
managed following the traditional agronomic practices applied in semi-
arid climate zones. The soil was managed according to standard agro-
nomic practices, three shallow tillages (0.15 m depth) were carried out
from spring to summer to control weeds, prevent crust formation and,
"nally, reduce soil evaporation.

2.2. Data survey

To assess crops spatial and temporal variability, ground and remote
surveys were performed (Fig. 2). Ground surveys were carried out to
measure agronomic parameters and vegetative crop growth, while
remote surveys were carried out using a UAV, evaluating plant spectral
response. Temporal variability was assessed across three distinct pe-
riods, each corresponding to speci"c days of the year (DOY). The "rst
survey period was conducted at DOY 63, during winter, when the
vineyard was dormant. At this time, the spatial variability of cover crops
was evaluated through vegetative measurements and spectral surveys,
with cover crops in the full !owering stage. The second survey period
occurred at DOY 169, during the vineyard’s growing season, with as-
sessments of vegetative and spectral characteristics of the vine at the
phenological stage of fruit set (BBCH 65). The third survey period, at
DOY 226, also during the growing season, involved similar measure-
ments, with the vine at the grape ripening stage (BBCH 85).

2.3. Agronomic sampling

The sampling points were identi"ed in areas with different vigor,
excluding the most external part of the "eld. The identi"cation of zones
with different vigor levels was conducted through an integrated analysis
of agronomic parameters and vegetation maps derived from multi-
spectral data. Vineyard vegetative growth from the bud break stage were
assessed by measuring shoot length (m) and number of leaves per shoot.
Similarly, in situ agronomic surveys were conducted on cover crops to
assess the evolution of plant length (m). On-site agronomic trait varia-
tions measured in were compared with vegetation vigor maps. This
analysis made it possible to identify "eld zones with different vegetative
growth levels. A total number of 20 experimental units were selected
from both the vineyard and cover crop at the same location (Fig. 3). In

Fig. 1. a) Experimental site location, coordinates of "eld centroid: 37◦55′11.18′’ N, 13◦04′22.31′’E.
b) Graphical representation of the average slope of the vineyard rows.

Table 1
Basic properties of soil sampled and measured before the experiment in
March 2021.

Soil properties Value

Sand (0.02 < Φ < 2 mm, g kg-1) 388 ± 12
Silt (0.002 < Φ < 0.02 mm, g kg-1) 226 ± 14
Clay (Φ < 0.002 mm, g kg-1) 378 ± 15
pH in water 7.66 ± 0.1
Electrical conductivity (dS m-1) 0.19 ± 0.03
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the case of the vineyard, the experimental unit corresponds to a row
section with a length of 7 m that includes 6 vines. For cover crop, each
experimental unit was divided into three subsamples (n = 3 replicates
for each sample block).

Each sub-sample used to evaluate cover crop biometric parameters
was identi"ed using a 1 m2 square, placed in the central part of the inter-
row, alongside each experimental unit of vineyard. In the aboveground
cover crop sub-sampling area, three agronomic parameters were eval-
uated: plant length (PL) m, fresh weight (FW) g and dry weight (DW) g.
Fresh weight was measured using a digital balance (Shimadzu
ATY324R, Milan, Italy). Plant material was clipped at soil level and
weed and cover crop biomass was separated. These samples were dried
at 60 ◦C for 48 h until a constant weight was reached to determine their
dry weight.

Surveys on the vegetative parameters were carried out in the vine-
yard selecting the same 20 experimental units used in the cover crop
sampling. Each experimental unit consisted of six vines anda total of 120
vines were monitored. In Fig. 3b, the sampling blocks are shown for both
the cover crops and the vineyard. The dashed red line refers to the
vineyard sampling area. Conversely, the squares marked with a solid red
line denote the sampling points for the cover crops. The vegetative pa-
rameters were shoot length (SL), leaf counts for each shoot (LS), total
leaf area (TLA), epidermal chlorophyll (Chl) and nitrogen balance index
(NBI). The TLA of primary and lateral shoots was measured using an LI-
3100C area meter (Li-COR Environmental, 4647 Superior Street Lincoln,
NE, USA). Chl and NBI values were measured with the Dualex 4 leaf-clip

version (Dualex Scienti"c+, Force-A, Orasy, France) on fully expanded
leaves at the second phenological stage of sampling. Chlorophyll a + b
was estimated from near-infrared (NIR) transmittance measurements at
710 and 850 nm, it was used as data from the device without trans-
formation. NBI serves as an indicator of the nitrogen status within the
vines and is calculated by considering the ratio of chlorophyll to !avo-
noid content (Tremblay et al., 2012). The average value of Chl and NBI
were calculated at two separate points on the epidermal surface for each
leaf.

2.4. Determination of soil physical and chemical properties

Soil samples were collected during two time intervals, in autumn
(DOY 338), which corresponds to the rainy season in the southern
Mediterranean region, and in summer (DOY 217). Sampling was con-
ducted during both 2021 and 2022 to ensure comprehensive data
collection across different climatic conditions. Soil rings of 98 cm3 for
the "rst 0.20 m layer were used to determine bulk density. The soil bulk
density (BD) was measured following the protocol of Blake and Hartge
(1986), using intact samples collected with a steel rings with 0.05 m
diameter and height. Gravimetric soil water content (SWC) was deter-
mined by weight difference between fresh and dried (24 h at 105 ◦C)
sample. Soil water "lled pore space (WFPS) was calculated considering
the SWC, BD, and taking into consideration the soil absolute density
(AD) equal to (2.65 g cm−3). The calculation follows the analytical
formula [1] presented below:

Fig. 2. Flow chart of the biometric and multispectral surveys carried out on cover crop and vineyard.

Fig. 3. a) Representation of the experimental units in the "eld and con"guration of the three sub-samples. b) Graphic representation of an experimental unit where
the vineyard sampling zones are highlighted in red with dashed lines, and for the cover crops with squares.
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WFPS =
SWC ∗ BD ∗ 100
(1− BD/AD)

(1)

At these sampling points, soil penetration resistance (SPR) mea-
surements were conducted. SPR was assessed down to a depth of 0.60 m
using a portable digital penetrometer (Eijkelkamp Penetrologger mod.
06.15, Netherlands, Giesbeek), equipped with a load cell, an ultrasonic
depth sensor, a data logger, and a probing rod. It culminates with a cone
having a base area of 200 mm² (compliant with ASAE standard 313.1)
(ASAE, 2009). Capable of measuring penetration force from 0 to 1000 N
with a resolution of 1 N, it can assess soil resistance up to a depth of 0.80
m with a resolution of 10 mm (Carrara et al., 2007). Two measurements
per second were recorded. Soil chemical analyses were carried out on
samples which were air-dried and sieved at 2 mm. Soil organic carbon
(SOC) and total nitrogen (TN) were determined on pulverized soil
samples by dichromate digestion (Nelson and Sommers, 1983) and for
total N by the Kjeldahl method. Cation exchange capacity (CEC) was
determined with ammonium acetate solution buffered at pH 7.0
(Sumner and Miller, 1996).

2.5. UAV con!guration and data acquisition

A remote UAV platform equipped with a multispectral and RGB
camera was used to investigate the spectral features of cover crop and
vine. The DJI model Phantom 4 (DJI, Shenzhen, China) is a quadcopter
with four rotating wings and vertical takeoff and landing (VTOL),
described in detail in (Ferro and Catania, 2023). The multispectral
camera consists of "ve independent sensors 1/2.9″ CMOS, operating in
the blue band at 450 nm, the green band at 560 nm, the red band at 650
nm, the red edge at 730 nm, and the NIR band at 840 nm. All the sensors
have a spectral sensitivity range of ±16 nm around their nominal
wavelengths, except for NIR sensor, which has a wider spectral sensi-
tivity range of ±26 nm. The camera is equipped with a sixth sensor
capturing images in the visible spectrum.

The UAV !ights were conducted in three dates throughout the cover
crop and grapevine growth cycle (Table 2). The "rst !ight was con-
ducted during the winter season in February (T1) to assess cover crop
spectral response (DOY 63). Subsequently, two surveys were performed
in vineyard corresponding to the late !owering stage (T2A) and at the
grape ripening stage (T2B). All surveys presented the same setting
characteristics.

Images were taken between 11:30 and 13:00 under clear skies, with
no clouds, sunny conditions, and moderate wind. The automatic guide
followed the predetermined set route and waypoints. The !ight height
was 70 m above ground level (AGL) using Real Time Kinematic (RTK)
differential corrections, obtaining a ground sample surface (GSD) of
0 .037m. The image acquisition was performed at an average speed of
6.9 ms-1 in stop-and-go mode. The front and side overlap percentage
between the image was 70 %, while the gimbal pitch was set at 90◦

(downwards). Prior to and following each !ight, images were acquired
using speci"c re!ectance calibration panels. Image acquisitions in TIFF
format were performed to carry out radiometric calibration in post-
processing. To enhance the accuracy of survey, 20 Ground Control
Points (GCPs) were positioned both externally and internally within the
"eld. GCPs were georeferenced using the GNSS receiver S7-G by Stonex
(Italy, Milano), equipped with a Stonex geodetic antenna in RTK mode
as an average of 60 measurements. The GCPs were imported into the
QGIS software, version 3.28 (QGIS Development Team, 2021), and all

orthomosaics were geometrically corrected.

2.6. UAV image processing and analysis

Georeferenced multispectral images were mosaicked using Agisoft
Metashape Professional Edition version 1.7.3 software. The total num-
ber of images obtained for each individual survey and sensor was 215.
All multiband images were uploaded into the software, followed by
image alignment, GCP (Ground Control Points) loading, and re!ectance
calibration. Utilizing calibration panel images, re!ectance was cor-
rected using Agisoft Metashape software. Subsequently, the images
containing the calibration panel were selected. Then, leveraging the
re!ectance calibration function within software, the correct re!ectance
values were determined. Finally, the dense cloud and the orthomosaic
multiband were constructed for each survey (Hirschmuller, 2005). NDVI
map was calculated using the near infra-red (NIR) and Red re!ectance
band maps, according to Rouse et al. (1974) equation, using QGIS
software (Bollas et al., 2021). This vegetation index (VI) was calculated
to investigate the spectral canopy conditions and identify the vigor level.
For the high-resolution images acquired by UAV, it was necessary to
perform a segmentation process of the NDVI images to differentiate the
vineyard canopy rows from soil and shaded pixels, which classi"es the
input pixels into several different classes. Vine canopy segmentation and
classi"cation process was performed using the Object-Based Image
Analysis (OBIA) method. For image segmentation, the Orfeo Toolbox
library was employed, leveraging the large-scale mean-shift (LSMS) al-
gorithm developed by Michel et al. (2014). Subsequently, the object
image classi"cation was performed using the supervised classi"er
namely support vector machines (SVM).

Remote sensing was useful for identifying sampling points and
providing spatial input for the model, as previously ascertained by other
authors (Basso et al., 2001). In the vineyard, SL, LS, and TLA were used
to characterize three different zones of vine vigor, namely low vigor
(LV), medium vigor (MV), and high vigor (HV). These assessments were
carried out at both the T2A and T2B phenological stages. Vigor vari-
ability assessment was also conducted for cover crop, in situ agronomic
assessments were performed during winter, and zones with different
vegetative growth levels were identi"ed. Cover crop vigor levels were
characterised by evaluating the agronomic parameters PL (m) and FW
(g). By assessing these agronomic parameters and comparing them with
the variability detected through NDVI maps, three distinct vigor zones
were identi"ed, HV, MV and LV respectively. The three clusters of each
map were identi"ed using the K-means algorithm through the utilization
of the SAGA library in QGIS.

The ordinary kriging interpolation method was used to create
continuous vigor maps for cover crop and vineyard. Kriging interpola-
tion implies that the estimation of an arbitrary point in a de"ned zone of
the "eld is expressed with a linear weighting of all the observations. In
order to provide the best linear estimate, semivariograms considering
the spatial structure were calculated as made in previous studies (Chiles
and Del"ner, 2009; Webster and Oliver, 2007).

The spatial structure of each vigor attribute of both crops was
characterized and quanti"ed using the experimental semivariogram,
which was adapted using linear, linear with sill, spherical, exponential,
and Gaussian theoretical models. The graph of the experimental semi-
variogram was obtained by calculating the semivariances at different
distance intervals. For each model, we determined the following pa-
rameters: nugget variance (C0), contribution (C1), sill variance (C0+ C1)
and range (a). The selection of the theoretical semivariogrammodel that
was most suitable to represent the vigor variability in different pheno-
logical stages for both crops, was made according to the highest coef-
"cient of determination (R2).

2.7. Statistical analysis

The dataset, which includes sampling measurements of soil

Table 2
Sampling date and corresponding phenological growth stages.

Survey Description BBCH code

T1 Cover crop !owering –

T2A Grapevine !owering stage 65
T2B Grape ripening stage 85
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parameters, cover crops and vineyard properties, as well as biometric
data from UAV-based multispectral surveys re!ecting vegetation spec-
tral response, was subjected to statistical analysis. Primarily, descriptive
statistics including mean, maximum, minimum and standard deviation
values were calculated for the entire dataset. Afterwards, a multivariate
statistical analysis was performed, with analysis of variance (ANOVA).
The signi"cance level (α) was set at 99 % (p< 0.01). The null hypothesis
(H0) for comparison between groups indicates that all means are equal,
while the alternative hypothesis (H1) is that not all means are equal.
Tukey’s multiple comparison test was used to identify the different
means.

In this study, the bivariate local indicators of spatial association
(BiLISA) was calculated, which is a measure of spatial autocorrelation
assessing the association between two different variables, unlike the
Moran’s I (MI) which evaluates the autocorrelation of a single variable.
To evaluate the global spatial autocorrelation of the data in an speci"c
area, the statistical index I developed by (Moran, 1948) was measured
according to equation [2] (Legendre and Fortin, 1989):

I =
n
W

∗

[
∑n

i=1

∑n
j=1wij(xi − x) ∗

(

yj − y
)

∑n
i=1

∑n
j=1wij

]

(2)

where n represents the number of observations, in our case 817, corre-
sponding to the number of points derived from the regular grid used for
each map; xi, yj represent the observed values of the two variables
located at points i, j; x, y are the average of the two variables of the n
observed points of the NDVI attribute. In this equation, the spatial
weights matrix (wij) with value 0 in the diagonal (wii=0) is considered;
the sum of all spatial weights wij is represented by the spatial weight
matrix W. The Python library PySAL was employed to calculate
distance-based weights among observation points (Rey and Anselin,
2009). Process starts by establishing a matrix of spatial weights,
whereby the coordinates of the sampling points are de"ned in a
two-dimensional array (x, y). A threshold value of 5 was established,
indicating the maximum distance within which points are considered
adjacent, beyond this threshold, the weights are set to zero. Finally, a
Gaussian kernel function was applied to modulate the intensity of the
weights based on distance. MI index was calculated to evaluate the
spatial autocorrelation in adjacent area. The MI index ranges from−1 to
+1, where positive spatial autocorrelation implies similar values in
neighboring locations, while negative spatial autocorrelation indicates
dissimilar values in neighboring locations. A null value (MI= 0) suggests
that there is no spatial autocorrelation, and that the spatial arrangement
is completely random. The result is a pseudo p-value for each location,
which can be used to assess signi"cance.

The calculations to assess the local spatial dependence of NDVI
related to cover crop and vineyard were performed using the GeoDa
software, which provides the capability to manage spatial weights.

Computations for processing descriptive statistics and performing
multivariate analysis ANOVA were performed using R software (R Core
Team, 2023) and Microsoft Excel. Principal Component Analysis (PCA)
was conducted to assess the relationship between NDVI values of cover
crop and vineyard, along with other variables. This analysis was per-
formed using prcomp() function in R, which facilitates the grouping of
NDVI data, as well as agronomic parameters from soil, cover crop, and
vineyard, into statistical factors. PCA aims to create linear independent
variables that eliminate multicollinearity and effectively summarize the
space-time information collected. PCA results were visualised to high-
light trends, and they were saved for further examination of potential
correlations among crop vigor zones.

3. Results

3.1. Assessment of cover crop and vineyard variability

In this section, the "ndings of the analysis exploring temporal vari-
ability between period T1 and T2 are presented. This investigation
proposes a visual comparison of temporal variability evolution,
providing an in-depth insight into the growth dynamics over time of
both the cover crop and the vineyard. Through a detailed analysis of
data collected at different times, the aim is to identify any trends,

Fig. 4. Representation of NDVI for cover crop (a) and vineyard canopy vari-
ability detected by UAV during T2A (b) and T2B (c).
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variations, or distinctive patterns in crop growth.
In Fig. 4a, the NDVI map representing cover crop spectral response is

depicted. This survey was conducted during T1 phase, when cover crop
was at !owering stage, characterized by the highest biomass accumu-
lation and, consequently, the most signi"cant period of vegetative ac-
tivity. Fig. 4b and 4c, on the other hand, illustrate the results of vine
canopy NDVI. Table 3 presents the results of descriptive statistics for the
NDVI evaluated during the three investigation periods, referring to the
conditions of the cover crop during the winter period (T1) and to the
vineyard during the summer period (T2A and T2B). These results aid in
understanding the vigor maps through an analytical approach. Referring
to period T1, it is observed in Table 3 that the most represented area is
HV, covering an area of 48,900 m2, followed by low vigor areas for the
cover crop (18,700 m2). The area with moderate vigor is slightly lower,
totalling 14,200 m2. The average NDVI value associated with these areas
is well differentiated across the three vigor levels. It is noted that high
vigor is represented by an average value of 0.74±0.083, differing from
the one of medium vigor, which is 0.59±0.074. Conversely, the low
vigor of the cover crop shows an NDVI value of 0.32, considerably lower
than that observed for the other levels. In this case, very low NDVI
(−0.18) with a high standard deviation were observed. This result could
be caused by the cover crop humidity observed during the survey that
could signi"cantly in!uence the spectral response, as water can atten-
uate a greater amount of radiation in the near-infrared (NIR) band. The
effect could be a decrease in NDVI, as the index is based on the difference
between re!ectance in the red band and that in the near-infrared band.
For the other two vigor levels, the observed minimum value is approx-
imately 0.2, with maximum NDVI values reaching around 0.8. Table 3
displays the results related to the vineyard, showing that during T2A
period, the largest area exhibits medium-high vigor. This is re!ected by
an NDVI range from 0.66 ± 0.043 to 0.72 ± 0.046. A similar trend is
observed in period T2B, where HV areas constitute approximately 50 %
of the plot, while areas with medium and low vigor account for 25 %.
However, it should be noted that LV areas underwent an increase of 11
% between period T2A and T2B. Conversely, the MV area decreased by
11 % over the same period. The areas identi"ed as high vigor remained
stable between the two phenological periods considered. Concerning
NDVI observed during vineyard growth cycle, it can be stated that they
differ from those observed for cover crop. Indeed, both for the periods
T2A and T2B, the range of variation among the three vigor levels is
smaller compared to cover crop NDVI. Particularly, during T2A survey,
average values of 0.72 for HV, 0.65 for MV, and 0.60 for LV were
observed. This trend of NDVI values remains relatively stable
throughout the vineyard growth season, as also observed for period T2B.
In fact, the average NDVI value decreased by 6 % from June to August, 5
% in the case of MV, and 9 % in the case of LV. In general terms, LV
reported a higher standard deviation value in both investigation periods.

The maps in Fig. 5 illustrate vigor spatial distribution in three
distinct classes during the monitoring phases of cover crop T1 and
vineyard T2. The vigor maps were generated using kriging interpolation
to differentiate growth levels. Green indicates areas of high vigor and

re!ects high growth, light green represents areas of medium vigor and is
associated with medium growth, white identi"es regions of low vigor
and indicates low crop growth.

The vegetative parameters of the cover crop were investigated. The
analysis of variance (p = 0.01) clari"ed a certain signi"cance of the
observed differences in terms of cover crop development between the
vigor zones. Table 4 shows that plants grown in an area classi"ed as HV
had an overall length by 40 % greater than plants grown in LV zone. A
similar reasoning applies to the comparison between the length of MV
plants and those from LV zones; the latter showed an overall reduction in
development of 37 %. These differences in cover crop development
impact their biomass accumulation. Indeed, plants with a greater overall

Table 3
Summary statistics of NDVI and the distribution of extension vigor areas results
for cover crop (T1) and vineyards in the two survey phases (T2A and T2B).

Vigor
levels

Extension area
(m2)

Mean Min Max Standard
deviation

T1 HV 48.900 0.745 0.233 0.814 0.083
MV 14.200 0.590 0.211 0.734 0.074
LV 18.700 0.323 −0.183 0.654 0.097

T2A HV 40.300 0.725 0.505 0.763 0.046
MV 30.700 0.663 0.465 0.735 0.043
LV 10.800 0.602 0.419 0.722 0.056

T2B HV 40.500 0.682 0.662 0.738 0.014
MV 21.200 0.630 0.618 0.664 0.012
LV 20.100 0.549 0.381 0.619 0.047

Fig. 5. Vigor maps obtained by application of kriging interpolation. Figure (a)
show cover crop vigor map and vineyard vigor map for two surveys T2A (b) and
T2B (c).
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length accumulate more biomass. In fact, plants from MV zones report a
higher fresh weight by 70 % compared to LV plants. Tukey’s test con-
"rms that both for plant length and fresh weight, the HV and MV groups
are not statistically different; instead, statistically signi"cant differences
are reported for both groups when compared to LV plants. Cover crop
dry weight was also considered; it allows to evaluate the quantity of
organic matter or biomass produced. Dry weight provides a more ac-
curate estimate of the total plant biomass, as it considers only the
organic matter present in plant tissues, not including water. In line with
these observations, regarding dry weight, plants from MV zones exhibit
the highest growth compared to the other two vigor levels. Speci"cally,
the latter display a weight greater by 50 % compared to LV plants, a
difference con"rmed by the Tukey test. The group of plants cultivated in
HV areas, on the other hand, is intermediate between the MV and LV
vigor groups. Nevertheless, even plants grown in these areas show a 32
% dry weight increase compared to LV plants, which record the lowest
weight. The results of the biometric analysis and vineyard yield, con-
ducted during the summer growth season, are presented in Table 3.
Regarding vegetative growth, it was observed that in terms of overall SL,
vines developed in areas characterized by HV exhibited approximately
60 % higher growth compared to vines grown in LV zones. Consistent
with this result, the analysis of TLA per plant provided clear "ndings
regarding the overall canopy growth of the vineyard. Indeed, vines from
HV and MV zones collectively showed a statistically signi"cant 40 %
greater TLA value compared to LV. The growth trend of vines developed
in different vigor zones is also re!ected in terms of production, as yield
per plant measured at harvest. Higher yield was identi"ed in vines
displaying greater vegetative growth; actually, vines from HV and MV
zones showed a 60 % increase of yield per plant compared to LV vines.

During the growth season, data on chlorophyll (Chl) content in
leaves were evaluated. The results presented in Fig. 6a were obtained

during the berry set stage, corresponding to the month of June (T2A).
The Chl content per leaf unit (μg cm−2) assessed for the three vigor levels
further characterizes the vineyard. In HV and MV zones, there is a 15 %
higher Chl content compared to LV areas. This trend is primarily
observed during T2A. However, during T2B, MV and LV vineyard areas
show an overall decrease in Chl content, corresponding to 25 % and 19
%, respectively. These differences between the two periods are
con"rmed by the Tukey test. Conversely, vines in HV zones did not
exhibit a statistically signi"cant decrease. The Chl content during T2B
shows statistically signi"cant differences between HV and LV vines, with
HV vines showing a 34% higher Chl content compared to LV. In addition
to leaf Chl content, nitrogen status was also monitored. The analysis of
variance on nitrogen balance index (NBI) revealed differences between
low and high NBI values. HV was statistically different from LV (p <

0.01), with an NBI value 24 % higher. However, regarding the pheno-
logical phase of grape ripening, the highest value was observed for the
MV vines. The comparison between the two phenological periods, T2A
and T2B, showed an overall 45 % reduction in vineyard nitrogen status
from the berry set phase to berry ripening.

3.2. Spatial-cluster analyses

The scatter plots in Fig. 7 illustrate the results of the global Moran’s
statistics and the bivariate analysis of spatial correlation between two
geographically associated variables. The plot shows four areas that
describe the spatial relationships between the variables, with positive
clusters of high values in the upper right and low values in the lower left,
while the opposite quadrants indicate negative relationships. The #non-
signi"cant# points indicate the absence of spatial correlation. The results
presented in the scatter plot in Fig. 7a show a signi"cant spatial auto-
correlation (p < 0.05) between map T1 and map T2A with a Moran I
value of 0.48. The positive correlation between the vigor index of period
T1 and period T2B is even stronger, with a Moran I value equal to 0.54.
This indicates that the spatial variability identi"ed in the winter season,
related to the cover crop, corresponds to the variability identi"ed in the
vineyard. However, the results indicate that soil and its physicochemical
characteristics play a crucial role in both periods of investigation. The
analysis of spatial correlation is con"rmed by observing the Moran I
value referred to the phenological stages T2A and T2B (Fig. 7c),
obtaining a value of 0.73, indicating a close correspondence of the
vineyard vigor macro-areas throughout the growing season.

The patterns in Fig. 8 indicate the spatial association between cover
crop vigor (T1) and vineyard vigor (T2B). This map of spatial association
between the two times has been provided to demonstrate the corre-
spondence between homogeneous management zones. Four different
colors are used in this map to represent four different types of local
spatial autocorrelation. The green color denotes points where a high-
high correspondence between the two variables was observed.

Table 4
Vegetative parameters assessed during period T1 and T2 periods are represented
with means ± S.E. Different letters indicate statistically signi"cant differences
between vigor levels (p-Value < 0.01).

Crops parameters Vigor level

HV MV LV

T1 ! ! !

Plant Length (m) 0.82 ± 0.10 a 0.80 ± 0.13 a 0.58 ± 0.06 b
Fresh weight (kg) 1.53 ± 0.45 a 1.64 ± 0.35 a 0.95 ± 0.01 b
Dry weight (kg) 0.33 ± 0.06 ab 0.38 ± 0.01 a 0.25 ± 0.02 b
T2 ! ! !

SL (m) 1.09 ± 0.23 a 0.92 ± 0.30 ab 0.68 ± 0.21 b
LS (n) 15 ± 3.0 12 ± 1.7 10 ± 3.2 n.s
Bunch/vine (n) 13 ± 2.2 10 ± 1.8 8 ± 1.9 n.s
TLA(m2) 2.78 ± 0.36 a 2.48 ± 0.49 a 1.91 ± 0.18 b
Yield/vine (kg) 2.31 ± 0.37 a 2.39 ± 0.10 a 1.47 ± 0.24 b

Fig. 6. Evaluation of leaf chlorophyll content (Chl) (a) and NBI (b) for the three-vineyard vigor in two phenological periods. Data were subjected to two-way ANOVA
(Tukey’s test, p-value <0.01) capital letters indicate statistically signi"cant difference between the two periods, while the lowercase letters indicate differences
between the vigor levels. ± SE is shown with the bars.
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Conversely, the red color indicates a low-low spatial autocorrelation
between the variables. The blue and orange colors indicate points where
a negative correlation between the variables was observed. The blue
color represents points where the T2B map shows high vigor values,
while the T1 map shows opposite values. Conversely, the orange points
indicate zones where high vigor values were observed in the T1 survey,
while the vineyard showed low vigor values at T2B. It is observed that
points identi"ed as high-high correspond to approximately 25 %, and
points with a positive low-low autocorrelation account for 20 % of the
total. Points with negative correlation represent a smaller percentage;
for instance, low-high points account for 6 %, and high-low points for
about 8 %. Meanwhile, points with gray coloring indicate areas with
spatial correlations that do not reach signi"cance (p > 0.05). Therefore,
it was not possible to categorize them into any of the four observed
cases, and at this level of signi"cance, they exhibit a random spatial
pattern. The comparison between seasons allows observing a relatively
high stability of two clear large NDVI cluster patterns, showing a low-
low association in the north-western part of the "eld and a high-high
association in the central and south-western area of the "eld (Fig. 8).
On the other hand, low-high points were mainly located near the low-

low cluster area, whereas the high-low cluster distributes centrally
and in the southwestern part of the "eld, adjacent to the High-High
clusters. Therefore, cover crop NDVI is indeed associated with vine-
yard NDVI.

3.3. Evaluation of soil characteristics

The analysis of variance performed for the soil chemical-physical
parameters (Table 5) displays both the F-test statistic values and the
level of statistical signi"cance. From the analysis of variance, F-test
values were obtained, allowing the interpretation of which factors
contributed most to increasing variability. Conversely, a high F-value
indicates a case where the variability of group means is large compared
to the variability within the group. In relation to the #time# factor, the
null hypothesis, which assumes that the group means are equal, was
rejected for the variables SWC, SBD, WFPS, and N, based on high F-
values and particularly on the value P< 0.01. Regarding the #vigor level#
factor, however, the null hypothesis was rejected for the variables SWC,
SBD, SOC, andWFPS, except for the soil N content parameter. Regarding
the interaction #time*vigor level#, it was signi"cant only for the variable

Fig. 7. Moran scatter plots to assess the local spatial autocorrelation of vigor maps for the three periods. a) comparison between T1 and T2A; b) comparison between
T1 and T2B; c) comparison between T2A and T2B.

Fig. 8. BiLISA cluster maps between cover crop NDVI (T1) and vineyard NDVI (T2B).
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SBD and WFPS.
Regarding soil bulk density, it is observed that the values at the time

of survey T1 are higher in areas where cover crop growth is limited (LV)
(Table 6). The other two vigor conditions show a 12 % reduction in SBD.
Conversely, in HV vigor zones, a 7 % lower water content is recorded
compared to MV and a 15 % lower compared to LV, with the latter
showing a statistically different value from HV. With reference to WFPS,
that is considered an indicator of soil water availability and saturation,
the highest value was recorded in LV zones. In these areas, WFPS is
observed to be>30 % higher than in the MV and HV vigor zones. During
the summer season, there is a 7 % increase in SBD value in the soil. In T2,
differences between the areas of vigor were observed, con"rming the
"ndings of T1. In this case, LV zones had values 11% higher than HV and
MV. In terms of water content, a signi"cant 60 % decrease in the amount
of soil water was observed between seasons T1 and T2.

Fig. 9 shows the trend of soil organic carbon content; this parameter
is stable between the periods T1 and T2; indeed, no difference is
observed in terms of time. Nevertheless, statistically signi"cant differ-
ences were found between the vigor levels in each epoch. In T1 the HV
zones are characterised by a greater content than the LV zones, while an
intermediate behaviour was observed for the MV zones. In the case of
the T2, no difference was observed between HV and MV, however, in
this phase, statistically signi"cant differences can be attributed only to
the LV zone compared to the other two.

The results of soil nitrogen monitoring during the two observation
periods are presented in Fig. 10. Regarding stage T1, no signi"cant
differences were observed among the vigor zones, with a mean soil ni-
trogen content equal to 1.33 (g kg-1). This trend was also con"rmed in
T2, where no statistically signi"cant differences were observed among
the vineyard vigor levels. However, it is important to note that soil ni-
trogen content is subject to seasonal !uctuations, in this study an in-
crease in nitrogen content from stage T1 to T2 can be observed. In HV
there was a 12 % increase over the year, reaching a value of 1.47 (g kg-1)
during grape ripening (T2). The dynamics of soil nitrogen content in MV
zones are noteworthy, indeed, although nitrogen content was initially
low in phase T1, there was a 20 % increase during stage T2, with values
reaching 1.51 (g kg-1). In contrast, no signi"cant variations in soil ni-
trogen content were observed in LV zones, with only a slight 4 % in-
crease. The main differences between the vigor levels can be recognised
for the T2 season; actually, the MV vineyard zones show a higher ni-
trogen content of the soil in those areas than in the other vigor levels.

Principal Component Analysis (PCA) was carried out with the aim of
reducing the number of linear combinations of variables that represent
most of the data variability. In this study, PCAwas performed for the two
investigation periods, and it is displayed in table 7, treating the dataset
of period T1 separately from the dataset of period T2. For the T2 dataset
twelve components were extracted, collectively representing 100 % of
the variability. In the case of the T1 dataset, the eigenvalues extracted
from the correlation matrix show that the "rst two components of the
PCA are suf"cient to explain the total variance of the sample. In the
analysis conducted for the T1 dataset, the "rst eigenvalue is (3.9850),
and the second is (2.8712), while the other components have values
below 1 and are not considered. The "rst principal component explains

Table 5
Two-way ANOVAwas conducted in the speci"c agroecosystem studied for the parameters soil water content (SWC), soil bulk density (SBD), soil organic carbon (SOC),
water content and water-"lled pore space (WFPS), and nitrogen content (N) (F-Value and p-value < 0.01).

Source of variation SWC SBD SOC WFPS N

F-Value P-Value F-Value P-Value F-Value P-Value F-Value P-Value F-Value P-Value

Time 846.43 <0.001 32.09 <0.001 0.18 0.681 733.91 <0.001 6.86 0.017
Vigor level 8.74 0.003 7.95 0.005 5.46 0.019 154.79 <0.001 0.99 0.396
Time*vigor level 2.16 0.152 10.97 0.001 0.04 0.961 201.36 <0.001 0.55 0.587

Table 6
Bulk density, water content and water "lled pore space (WFPS) of soil deter-
mined in winter seasons (T1) and after grape harvest (T2). Different letters
indicate signi"cant differences (p-value < 0.01) among the three vigor levels.

Soil parameter Vigor level

HV MV LV

T1 ! ! !

Bulk density (g cm-3) 1.08 ± 0.03 b 1.10 ± 0.03 b 1.24 ± 0.01 a
Soil water content (%) 28.29 ± 1.61 b 30.05 ± 1.20 ab 34.53 ± 0.97 a
WFPS 55.66 ± 4.60 b 63.19 ± 1.93 b 86.30 ± 2.35 a
T2 ! ! !

Bulk density (g cm-3) 1.16 ± 0.04 b 1.18 ± 0.03 b 1.30 ± 0.02 a
Soil water content (%) 12.36 ± 1.43 12.89 ± 0.22 10.63 ± 0.65 n.s
WFPS 21.12 ± 3.08 22.65 ± 0.89 24.00 ± 1.83 n.s

Fig. 9. Concentration of soil organic carbon (SOC) contents determined in T1
and T2 among the three vigor levels. Data were subjected to two-way ANOVA
(Tukey’s test, p-value < 0.01) capital letters indicate statistically signi"cant
difference among two periods, while the lowercase letters indicate differences
among vigor levels. ± SE is shown with the bars.

Fig. 10. Concentration of soil total nitrogen (TN) content determined in T1 and
T2 among the three vigor levels. Data were subjected to two-way ANOVA
(Tukey’s test, p-value < 0.01) capital letters indicate statistically signi"cant
difference among two periods, while the lowercase letters indicate differences
among vigor levels. ± SE is shown with the bars.
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49.8 % of the total variance, and the second component explains 35.9 %
of the total variance in the data. It can be stated that the "rst two
components are suf"cient to explain a signi"cant portion of the variance
of the entire dataset, as both collectively explain 85.7 %. In the case of
the T2 dataset, based on the Kaiser criterion, the "rst two components
can be considered. In fact, the "rst component of the PCA is character-
ized by an eigenvalue of (7.9391), and the second has an eigenvalue of
(2.3365), while the other ten components have eigenvalues below 1 and
are not considered to explain the model. On the other hand, the cumu-
lative variation explained by the "rst two principal components is 0.85,
meaning that the "rst two principal components explain over 85 % of
the total variance in the data.

Eight factors were considered in the case of T1 dataset, corre-
sponding to soil parameters (SBD, WFPS, SWC, N, SOC), cover crop
biometric parameters (PL, CC-DW), and crop spectral response repre-
sented by NDVI. With the PCA performed for the T1 data set, eight
components were extracted, collectively representing 100 % of the
variability found in the original dataset. PCA was able to separate the
different parameters by establishing precise patterns as observed in
Fig. 11a. WFPS, SWC, N, SBD were positioned on the negative side of
PCA. Instead, the soil parameter SOC, NDVI as well as the length of the
cover crop (PL) and dry weight of cover crop biomass (CC-DW), opposed
the previous group of parameters and were positioned in the positive
quadrant of PC1. In Fig. 11b, the biplot of PCA referred to the T2 dataset
is represented. In this case, the soil parameters such as SBD, WFPS, SWC,
N, are placed in to the negative PC1 quadrant, except for the SOC
parameter, which is in the opposite position, within the positive PC1 and
PC2 quadrant. Regarding the vegetative parameters of the vineyard,
represented by S.L, L.S, T.L.A, NBI, Chl, they are positioned in the
quadrant of positive values of PC1 and negative of PC2. The parameter
representing the spectral response of the vineyard (NDVI) is located near
the vegetative parameters, and indeed it resides in the quadrant of
positive values of PC1 and PC2. The vineyard yield parameter is set in an

intermediate position relative to the clusters of soil parameters and that
of the vegetative parameters of the vineyard; however, it leans towards
the latter, and indeed it resides in the quadrants of positive values both
of PC1 and PC2.

3.4. Soil penetration resistance

Table 8 presents the results of the analysis of variance (ANOVA),
highlighting the signi"cant effect of the three factors considered (Time,
Depth, and Vigor) and their interactions on the observed response for
the variable (SPR). Factor “time” shows a highly signi"cant effect (P-
Value<0.01), indicating signi"cant differences between the two periods
considered in the study. Similarly, the “depth” factor demonstrates a
highly signi"cant effect (P-Value <0.01), suggesting differences be-
tween SPR values at different soil depth levels. The statistical analysis
revealed that both the #time# factor (F-value = 309.88) and the #depth#
factor, (F-value = 233.25), signi"cantly affect SPR. Speci"cally, #time#
factor showed substantial differences among the means of the periods
considered, while #depth# factor indicated notable variations among the
means across different soil depth levels. The “vigor level” factor shows a
highly signi"cant effect (P-Value <0.01), indicating signi"cant differ-
ences between vigor levels for both T1 and T2 periods. The interaction
between time and vigor level is signi"cant (P-Value= 0.002), indicating
that the factors time and vigor are not independent, rather their inter-
action has a signi"cant impact on the SPR variable. Similarly, the
interaction between time and depth is signi"cant (P-Value = 0.003),
which means that at different soil depths, time may in!uence SPR to a
different extent. However, the interaction between depth and vigor level
is not signi"cant (P-Value = 0.882). Finally, the residual error (0.1146)
is relatively low, indicating that the model effectively explains the

Table 7
Principal component analysis of 8 variables for T1 and 12 for T2 dataset with
eigenvalues and proportion of variability explained for the "rst "ve principal
components (PC) with eigenvalues > 0.5.

T1

PC 1 PC 2 PC 3 PC 4 PC 5

Eigenvalue 3.985 2.8712 0.8379 0.6645 0.5083
Proportion 0.498 0.359 0.075 0.031 0.037

T2
Eigenvalue 7.9391 2.3365 0.9804 0.8012 0.6567
Proportion 0.682 0.171 0.082 0.067 0.055

Fig. 11. Principal Components Analysis 2D plot of Component Weights.

Table 8
Within-subject ANOVA for soil penetration resistance (SPR) [MPa] (p-values <
0.01) as a function of the two investigation periods and the vigor levels
considered.

Source of variation

DF Adj SS Adj MS F-Value P-Value

Time 1 3.5528 3.55279 309.88 <0.001
Depth 5 13.3712 2.67424 233.25 <0.001
Vigor level 2 1.219 0.60948 53.16 <0.001
Time*Depth 5 0.4553 0.09105 8.94 0.003
Time*Vigor level 2 0.2589 0.12943 19.29 0.002
Depth*Vigor level 10 0.0526 0.00526 0.46 0.882
Error 10 0.1146 0.01146 ! !

Total 35 19.024 ! ! !
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observed variation for the data.
The average SPR values measured during T1, when the vineyard was

managed with cover crop in the inter-row, and during T2, when the soil
was bare, are shown in Fig. 12. SPR is represented in six depth intervals:
0 - 0.10 m, 0.11 - 0.20 m, 0.21–0.30 m, 0.31–0.40 m, 0.41–0.50 m,
0.51–0.60 m, respectively. No signi"cant differences were observed in
the depth 0 - 0.10 m between T1 and T2. Considering the depth 0.11-
0.20 m, signi"cant differences were observed, where SPR increased by
40 % between T1 and T2, going from 2.16 MPa in T1 to 3.05 MPa in T2.
Soil penetration resistance values increased from T1 to T2 for all the
considered depth layers.

The penetration resistance curves measured for T1 and T2 in the soil
depth 0–0.60 m are illustrated in Fig. 13. Signi"cant differences (P <

0.01) were found in SPR values among different vigor levels in each soil
depth interval. Referring to T1, no signi"cant differences were observed
in SPR at a depth of 0–0.20 m, with LV (1.77 MPa) being the highest
value in this layer. The highest SPR for the 0.21–0.30 m layer was found
in LV (2.45 MPa), which is statistically different fromMV and HV, which
show values of 1.94 MPa and 2.08 MPa respectively. In the layer
0.31–0.40 m, the highest value is reported by LV (2.75 MPa), however it
is worth mentioning that HV values (2.30 MPa) are statistically inter-
mediate between LV and MV, the latter reporting the lowest value (2.12
MPa). For the levels below the depth of 0. 40 m, SPR is always greater in
the LV zones, whereas no differences were found between HV and MV.
Surveys performed during T2 sampling show that the LV zones are
characterised by statistically higher SPR values than the other vigor
levels. For example, high values of 2.21 and 3.39 MPa were recorded in
the shallowest 0.10 m and 0.20m layers, respectively. Comparing the LV
values with those of MV, it is observed that the LV values are approxi-
mately 17 % higher than MV in the "rst soil layer (0–0.10 m). This
difference is smaller in the second layer (0.21–0.30 m), where LV exceed
MV by only 10 %. However, no statistically signi"cant differences were
found in this soil depth interval. Regarding the HV vigor zones, SPR
values were always lower than LV and MV values. In the "rst soil layer,
HV showed a value of 1.68 MPa about 30 % lower than LV. In the second
depth layer (0.21–0.30 m), the SPR values measured for HV zones were
about 25 % lower than LV zones. These results show a general upward
trend in SPR for LV, which shows the highest values, followed byMV and
HV. Furthermore, the SPR values follow the trends reported for the three
vigor levels even for the underlying layers, at least up to a depth of 0.40

m statistically signi"cant differences were observed. In these layers, HV
showed the lowest SPR, with values of 2.94 MPa and 3.19 MPa
respectively for the layers up to a depth of 0.50 m. In contrast, the
measurements carried out in the LV zones are signi"cantly higher,
showing 3.50 MPa and 3.75 MPa respectively.

4. Discussion

4.1. Evaluation of vegetation indices and variability

The aim of this study was to multi-temporally compare cover crop
conditions during the winter season, when the vineyard was dormant,
and the summer season, using both classical statistical methods and
geospatial analysis. The study was carried out using information ac-
quired from a UAV platform, subsequently, the degree of similarity of T1
and T2 datasets was assessed. The different behavior of HV and LV zones
observed through NDVI remained consistent and was obtained both
during the winter and the summer season. Regarding NDVI data, it is
observed that the range of values reported for the three cover crop vigor
levels is much wider than that observed for vine canopy. The wider
range of values observed in Table 3 is particularly evident in the "rst
measurement (T1). It can be attributed to the low NDVI values observed
in LV zones of the cover crop, indicating low vegetation cover. In
contrast, NDVI data in the HV zones are signi"cantly higher, re!ecting
denser vegetation. This dissimilarity between NDVI values at different
vigor levels contributes to the wider range of values. The low values
observed during the winter season can be explained by considering "rst
the high soil moisture conditions. Under moist soil conditions, water can
signi"cantly in!uence NIR re!ectance (Merzlyak et al., 2002).
Furthermore, these low values observed for the cover crop are mainly
attributable to the LV zones, where cover crop growth was sparse. Bare
soil has a high re!ectance in the NIR, which can lead to a signi"cant
reduction in NDVI (Jensen, 2009). These "ndings are consistent with
those identi"ed by Yuan et al. (2019), where a signi"cant spatial vari-
ability for cover crop NDVI was observed, with the average value
ranging from 0.34 to 0.61 during the growth season. The NDVI observed
for the vineyard, on the other hand, display a more limited range of
variation among the three vigor levels. However, it was still possible to
discriminate between the three vigor levels across the entire experi-
mental plot. With reference to maps T2A and T2B, the NDVI for LV zones
exceed the threshold of 0.5. This result is consistent with observations
made by other authors, where by segmenting only pixels of trellised vine
canopy, similar NDVI values were obtained (Caruso et al., 2023; Rom-
boli et al., 2017). A relatively consistent spatial variability between
vineyard and cover crop was observed. Thanks to the spatial autocor-
relation maps derived from BILISA, it was possible to conduct a quan-
titative analysis of spatial variability between T1 and T2, providing a
clear understanding of the multitemporal correspondence. Unlike visual
analysis, this approach resolves issues associated with qualitative anal-
ysis (Matese et al., 2019). In reference to the cover crop and vineyard
vigor maps, the highest correlation was found for the T1 dataset with
T2B (MI = 0.54, Fig. 7). The spatial analysis conducted by BILISA
revealed a signi"cant presence of spatial dependence between the two
georeferenced variables and some local differences in spatial heteroge-
neity. It is worth noting that inputs and cultural practices were uni-
formly applied across the entire plot. Cover crop cultivation in the
inter-row was carried out on a temporary basis, exclusively during the
winter season, for 8 consecutive years. Consequently, variations in
vineyard and cover crop growth are primarily attributable to environ-
mental factors, speci"cally soil chemical and physical conditions, as
con"rmed by several studies (Kotsaki et al., 2020; Tardáguila et al.,
2011). Remote sensing of cover crops appears to be a viable option for
assessing spatial variability of soil nutrient status. Leveraging the
concept that cover crops serve as indicators of soil physical and chemical
conditions, a study, conducted on an annual cash crop rather than a
perennial crop, suggests that information on spatial variability can be

Fig. 12. Representation of soil penetration resistance for monitoring stages T1
and T2 divided by soil depth layers. Different letters indicate statistically sig-
ni"cant differences between T1 and T2 for all depths (p-value < 0.01) based on
Tukey’s test.
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utilized to enhance the management of cash crops (Futerman et al.,
2023). Damian et al. (2017) conducted UAV monitoring on a cover crop
followed by a cash crop, observing a positive correlation between the
vigor maps of the two periods. Additionally, they noted that dry matter
and accumulated soil nitrogen levels, assessed after cover crop termi-
nation, exhibited a positive correlation with cash crop yield variability.

4.2. Effects of soil variability on crop’s growth

Subsequently, we delved deeper into the analysis to identify the
reasons behind the observed variation in soil vigor levels. This allowed
for a more thorough examination of the factors that could in!uence such
variability. Overall, the soil physical properties, i.e. SWC, SBD and SPR
observed through the measurements conducted for LV, MV and HV vigor
zones on the two survey dates, showed signi"cant differences. In this
study, a clear temporal variation in SWC was observed. The temporal
variation dynamics were characterized by a marked decrease in water
content during the summer season, which in!uences other soil param-
eters (Vereecken et al., 2014). This could justify the increase in SBD
value between T1 and T2. During the T2 stage, the decrease in SWC
leads to soil compaction, as the previously water-"lled voids are
depleted. SPR can result in an increase in SBD, as soil particles tend to
become closer to each other, thus increasing soil density (Shah et al.,
2017). SWC is the most important factor in!uencing soil compaction
processes (Soane and van Ouwerkerk, 2013). When soil loses water, its
cohesion and consistency properties may decrease, making it more
susceptible to compaction and structural loss, thereby contributing to an
increase in SPR (Håkansson and Lipiec, 2000; Lipiec et al., 2002).
Regarding period T1, the differences observed in the vigor levels are
mainly related to the soil’s physical properties. During T1, the highest
SWC percentage was observed in LV mainly due to lower water in"l-
tration along the soil pro"le. This phenomenon is primarily due to
reduced water in"ltration along the soil pro"le (Hamza and Anderson,
2005), there is excess soil moisture that can be attributed to increased
SPR, as evidenced by the high SBD observed for LV areas, during the T1
phase. Soil compaction reduces total porosity, resulting in decreased soil
hydraulic conductivity (Pagliai et al., 2003), thus, WFPS parameter in
LV zones was statistically higher. This phenomenon is also supported by
the data in Table 4, in which during T1, cover crop in LV zones exhibited
shorter plant length, lower fresh weight, lower dry weight biomass,
leading to a reduced NDVI (Table 3). Reduced water in"ltration may
reduce oxygen supply to the roots, triggering a shift in their metabolism,
including increased anaerobic respiration and greater utilization of

reserve carbohydrates, ultimately reducing overall development
(Jackson and Colmer, 2005). However, the differences in SPR values
observed among the vigor levels are primarily attributable to the higher
presence of organic matter, as observed in HV and MV zones. Scienti"c
literature has demonstrated that an increase in SOC content results in
greater total porosity, contributing to lower SBD and consequently
reducing penetration resistance (Celik et al., 2010; Haruna et al., 2020).
The variability observed in SOC content among the vigor levels (Fig. 13)
in!uenced SPR, which exhibited higher values in LV zones where SOC
content was low. Comparison of SPR curves for the three vigor levels
revealed that this parameter increased with soil depth, likely due to
overload pressure generated by agricultural machinery traf"c (Carrara
et al., 2007). For both period T1 and T2, in layers below 0.2 m, the SPR
value tends to increase, exceeding the critical threshold for root devel-
opment (Whalley et al., 2007). This phenomenon is more pronounced in
LV zones compared to MV and HV zones. This occurrence may have led
to such differences in root development between the vigor areas, indeed,
the root system of Vicia faba, like other legumes, tends to develop deep
following the soil pro"le (Kocira et al., 2020). SPR values during the
summer period (T2) are high when compared to the critical threshold for
vine root elongation. Other studies conducted in Mediterranean envi-
ronments report comparable values to those observed in this vineyard
(Catania et al., 2013; López-Piñeiro et al., 2013). Nevertheless, the
observed differences between MV vigor compared to LV zones during T2
stage are attributed to a higher bulk density. Pereyra et al. (2023) found
that grapevines in LV zones were characterized by 70 % of roots thinner
than 2 mm positioned in the top 0.30 m deep layer of soil, and no roots
were observed below 0.5 m. Consistent with previous experiments, it
can be supposed that the increased growth of cover crops observed
during the winter season (T1) for MV and HV released more residues
into the soil, which led to reduced soil compaction (Muñoz et al., 2007).
In these zones, the increased growth of cover crops may also explain the
higher accumulation of total N in the soil (Fig. 10). The increase in total
N from period T1 to period T2 was signi"cant. This result is justi"ed by
the rapid mineralization process of N to which residues of leguminous
cover crops are subjected; moreover, through rhizodeposition, roots
manage to "x satisfactory amounts of nitrogen (Kocira et al., 2020).
Therefore, the higher presence of easily assimilable N in the soil and
lower values of SBD and SPR contributed to improving the vine nitrogen
status observed in HV and MV. This result is in line with what was
observed by Pereyra et al. (2023), where a higher concentration of N in
soil was measured for HV zones, furthermore, these vines were char-
acterized by a higher leaf N content. Similarly, this study observed that

Fig. 13. Soil penetration resistance (SPR) in three vigor levels. a) T1; b) T2. Different letters indicate statistically signi"cant differences among LV, MV and HV vigor
levels for all soil depths (p-value < 0.01) based on Tukey’s test.
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LV zones had a lower leaf N content compared to HV and MV (Fig. 6b).
These results con"rm that vine leaf N content is an diagnostic tool for
identifying vigor levels (Balachandra et al., 2009; Gatti et al., 2022).

Soil physical-chemical variability has shown a signi"cant in!uence
on crop growth and spectral response through NDVI obtained from
UAVs. The results of this study are consistent with those reported by
Yeom et al. (2019), who examined crop spectral response in relation to
different soil management conditions. In particular, the authors show
that an increase in SBD and SPR results in changes in crop spectral
response. Both for cover crops and for vineyard in HV andMV zones, low
re!ectance is recorded for the red band, due to high chlorophyll activity,
while the NIR band is strongly re!ected (Haboudane et al., 2008). This
phenomenon could indirectly explain the high chlorophyll content
measured for the leaves of HV and MV vines (Fig. 6a), consequently
inducing an increase in NDVI. However, a study conducted by (Martins
et al., 2021) used UAVs equipped with multispectral cameras to analyze
herbaceous crops cultivated with different soil management practices
and found no signi"cant differences in the spectral response. The au-
thors attribute the lack of differences to the relatively low SBD and SPR
values, which did not reach thresholds that would affect root
development.

5. Conclusions

The current study found new information regarding soil and vine-
yard agroecosystem interactions. The study of soil variability parame-
ters uncovered interesting information on the in!uence of the spectral
response of the vineyard and cover crop. Using remote sensing, clusters
of plants with the highest vegetative growth capacity were identi"ed. In
comparison, signi"cant differences in vegetative growth between the
two crops were observed in the same areas. The main differences can be
attributed to reduced SOC content and consequently higher SBD and
SPR. In addition, SPR for LV vigor remained signi"cantly higher (p <

0.01) for all the depths and for both periods. Both crops show similar
behavior under the same soil conditions. In addition, it can be stated that
the reduction of cover crop growth in!uence soil properties. Conversely,
in areas where cover crop produces more biomass, it contributes to
maintaining or improving the overall soil condition, with a net bene"t to
the vineyard. Cover crops variability has an in!uence on vine growth,
with this in mind using the information derived from remote sensing of
cover crops can enable better planning of precision vineyard
management.
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