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• There are many different types of sen-
sors for proximal sensing inprecision vi-
ticulture.

• All data need to be fused for delineating
management zones for precision viticul-
ture applications.

• Differences in sensor support must be
taken into account in data fusion.

• Multivariate geostatistics effectively
weighs sensor data on the basis of their
support.

• More research is necessary for support
change.
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Precision Viticulture requires very fine-scale spatial and temporal resolution to assess quite accurately variation in a
vineyard. Many studies have used proximal sensing technology and spatial-temporal data analysis to characterize
the local variation of plant vigour over time. The objective of this study was to present the potential of multivariate
geostatistical techniques to fuse multi-temporal data from a multi-band radiometer and a geophysical sensor with
different support for delineation of a vineyard into homogeneous zones, to be submitted to differential agricultural
management. The studywas conducted in a commercial table grape vineyard located in southern Greece during the
years 2016 and 2017. Soil electrical conductivitywasmeasured using an EM38 sensor,while Crop Circle canopy sen-
sor, with the sensor located at 1.5mheight from the soil surface and 1.2mhorizontally from the vines, was used for
scanning the side canopy area at different crop stages. The temporal multi-sensor data were analysed with the
geostatistical data fusion techniques of block cokriging, to produce thematic maps, and factorial block cokriging to
estimate synthetic scale-dependent regionalized factors. The factormaps at different scales are characterised by ran-
dom variability with several micro-structures of different plant and soil properties, which leads to difficulties in de-
lineating macro-areas with homogeneous features. In such conditions, high resolution VRA technology should be
preferred to management by homogeneous zones for precision viticulture. The results have shown the potential
of the proposed approach to deal with multi-source data in precision viticulture. However, further statistical re-
search on data fusion of the outcomes from different sensors is still needed.
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Table 1
Field operations on the commercial table grapes vineyard for 2016 and 2017.

Operation Amount/number

Irrigation 240 mm
Starter NPK fertilization (12–11-18) 20 g/vine
Iron fertilization (fertigation) 10 g/vine
Nitrogen and Micronutrients fertilization (foliar fertilization) 100 g/vine
Spraying Operations 16
Applications of crop growth regulators 7
Trimming 3
Leaf plucking 1

Fig. 1. Location of the experimental field.
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1. Introduction

The incorporation of spatial data analytics in decisionmaking for ag-
riculture led to a new sustainable agricultural system, which is called
Precision Agriculture (PA) (Bronson and Knezevic, 2016; Sasikala,
2017; Pham and Stack, 2018). PA is defined as information and technol-
ogy based farm management system to identify, analyze and manage
spatial and temporal variability within fields for optimum profitability
and environmental sustainability (Fountas et al., 2006; Gebbers and
Adamchuk, 2010; Banu, 2015).

Data collection is of high importance in PA in order to optimize the
decision making process on agricultural operations. Currently, there is
a vast number of different sensor types that help in this process. These
sensors can be classified in sensors for i) soil characteristics; ii) detec-
tion and classification of crops, weeds and fruits; iii) taste and odor de-
tection; iv) positioning, navigation and safety; v) yield; vi) weed
control; vii) crop health and growth status; viii) pest control; and ix)
sensors for effective application (Pajares et al., 2013; Balafoutis et al.,
2017).

Specifically, Precision Viticulture (PV) is beginning to have a grow-
ing impact on the vine-growing sector due to many reasons such as
the perennial nature of vine and the impact of management practices
in produced yield and quality (Arnó et al., 2009; Bramley, 2010). Main
goal of PV is the delineation ofmanagement zones (MZ) thatwill enable
variable rate application (VRA) of fertilizers, water, plant protection
products as well as the application of selective harvesting (Bramley
et al., 2011b; Santesteban, 2019). Therefore, the application of PV re-
quires quite accurate assessment of very fine-scale spatial and temporal
variation in a vineyard.

At present, advances in proximal sensing technology and spatial-
temporal data analysis are available to characterize the local fine-scale
changes of plant vigour over time, which can be advantageously used
in PV. Many studies have taken benefit of proximal canopy sensors for
assessing crop growth status in order to delineate management zones
for selective harvesting (Mazzetto et al., 2010; Bramley et al., 2011a;
Pajares et al., 2013; Anastasiou et al., 2018). whereas other researchers
used soil electrical conductivity sensors for delineating management
zones for irrigation in vineyards (Rodríguez-Pérez et al., 2011; Martini
et al., 2013). The main constraint of the aforementioned methods is
that they explain only few parameters when used alone. Fusion of
data from various sensors can provide solution to this problem. Data fu-
sion has provided the appropriate tools for data aggregation and conse-
quently explanation of spatial and temporal variability for site-specific
management in vineyards (Paoli et al., 2007; Mazzetto et al., 2010).
However, a critical problem arises when multi-source data of different
types, spatial and temporal resolution and uncertainties have to be
jointly analysed, to produce a more exhaustive description of phenom-
ena. In this case, it is critical to take into account change of support. The
term ‘support’ refers to the size or volume associated with each data
value, but it also includes the geometrical size, shape and spatial orien-
tation of the region associated with the measurements (Castrignanò
et al., 2018).

Multivariate geostatistics offers a set of data fusion techniques,
which allow also estimating the uncertainty of prediction. Castrignanò
et al. (2018) combined the complementary 2D EMI and 3D GPR mea-
surements using block cokriging and factorial block cokriging, to delin-
eate areas characterised by different horizontal and vertical soil
conditions. Casa and Castrignanò (2008) used coregionalization analysis
and factorial cokriging to understand the spatial relationships between
soil, plant and yield properties for delineation of low- and high-
potential zones for maize. De Benedetto et al. (2013) used kriging
with external drift to estimate soil water content with data from on-
the-go soil sensors and laboratory analyses as covariates.

The objective of this study was to verify the potential of multivariate
geostatistical techniques to fuse data from amulti-band radiometer and
a soil electrical conductivity sensor with different support, for the
delineation of a vineyard into homogeneous zones being submitted to
differential agricultural management.

2. Materials and methods

2.1. Field site

The study was conducted at a commercial table grape vineyard lo-
cated in Southern Greece (37°54.532′ N, 22°44.798′ E, Corinth,
Greece) during the 2016 and 2017 cultivation years (Fig. 1). The 1.4-
ha vineyard was planted in 2006 with Vitis vinifera L. cv. Thompson
seedless. The variety was grafted onto 1103 Paulsen rootstock. The
field exhibited variation in soil texture with two main soil types
(sandy clay loam at the South-West area of the field, and clay loam at
the North-East area of the field). Table grapes were trained to a double
cross arm trellis system and spaced at 1.8 m × 2.6 m. The vineyard re-
ceived numerous operations (canopy management) to adjust the
more vigorous vegetation. In addition, plant growth regulators and fer-
tilizers werewidely used to reach the commercial standards of berry di-
ameter, sugar content and yield. The vineyard was irrigated with
approximately 2400 m3/ha, while 16 spraying applications of foliar fer-
tilizers, plant protection products and crop growth regulators and 4 can-
opy management practices were applied on an annual basis (Table 1).

The average temperature was higher in June 2016 than in June 2017
(~5 °C), while there were no significant differences between the two
years during the other months of table grapes growth. However, there
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Fig. 2.Weather conditions for the experimental field in 2016 and 2017.
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was a large difference in precipitation among the two years: 223.5 mm
of rain fell in 2017, which were almost 170 mm more compared to
55 mm of rain in 2016 during the table grapes growth period (Fig. 2).
2.2. Proximal sensing measurements

A Crop Circle canopy sensor (ACS-470, Holland Scientific Inc., Lin-
coln, NE, USA) was used to scan the side canopy area in order to collect
on-the-go georeferenced radiometric data from proximal sensing. The
sensor was located at a height of 1.5 m from the soil surface and 1.2 m
horizontally from the vines and it was attached on a tractor for taking
measurements (Fig. 3). The sensor was equipped with three lenses
with different band absorptions for spectral data collection (670 nm –
red, 730 – red edge and 760 nm – near infrared (NIR)). NIR wavelength
bandwas chosen due to its high reflection in healthy leaves and its rela-
tionship with many leaf structural features (Vescovo et al., 2012); the
red wavelength band presents strong absorption peaks for assessing
the chlorophyll content (Wu et al., 2008) and the red edge banddemon-
strated higher accuracy on crop parameters estimation andmore sensi-
tivity to detect crop stresses, especially N stress, in vineyards compared
to the red band (Zarco-Tejada et al., 2005).
Fig. 3. Configuration of proximal canopy sensor for radiometric
The proximal canopy sensing measurements were conducted at
three different developmental stages of the berry, namely (i) veraison
(SV), (ii) mid of veraison (MV) and (iii) technological maturity/harvest
(H) (Table 2). The crop stageswere chosen due to the fact that there is a
rapid change in berry composition during these stages. In addition,
many studies have highlighted the importance of radiometric measure-
ments during these crop stages due to high correlation of radiometric
data with yield and quality parameters of table grapes (Hall et al.,
2002, 2011). The radiometric measurement dates using the proximal
canopy sensor are presented in Table 2.

2.3. EMI measurement

A single electromagnetic induction (EMI) soil survey was conducted
using an EM38 sensor (Geonics Ltd., Ontario, Canada) for measuring
bulk soil electrical conductivity (ECa) in April 2016. The sensor was
coupled with a DGPS sensor for georeferencing the collected data. The
survey was performed after the early spring rainfall events in order to
have the soil moisture near field capacity level. The EMI soil survey is
based on the principle that a transmitter coil, at a specific height from
the soil, produces a time-varying primary magnetic field in the subsoil.
The variations in the electromagnetic field induce a secondarymagnetic
measurements in the table grapes vineyard using a tractor.



Table 2
Dates of radiometric measurement using the proximal canopy sensor.

Crop stage Date 2016 Date 2017

Start of veraison (SV) 16/7/2016 09/07/2017
Mid of veraison (MV) 02/08/2016 26/07/2017
Technological maturity/harvest (H) 17/08/2016 16/08/2017
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field, which is recorded by a receiver coil in the EM unit. The ratio be-
tween the magnitude of the secondary magnetic field and the one of
the primary magnetic field allows the calculation of the soil apparent
conductivity near the receiver (Castrignanò et al., 2017). The reason of
conducting only one survey was due to the fact that many studies indi-
cated stability on the patterns of soil characteristics when measured
under similar moisture conditions over successive years (Liao et al.,
2014; Martini et al., 2017). The instrument was attached on a plastic
sledge and was pulled by a tractor through a non-metallic rope along
the vine rows of the field (Fig. 4).

The two sensors had different support during the experiment. Spe-
cifically, the support of Crop Circle was a spot of 0.4 m diameter and
EM38 sensor's was approximately 1 m. The spot diameter of the Crop
Circle sensor depends on the distance of the sensor from the vine,
while in EM38 sensor the support is approximately determined by the
distance between the emitter and receiver coils. Therefore, it was de-
cided to refer all the predictions to the same 1 m by 1 m block on the
surface using block cokriging and factorial block cokriging.

2.4. Data analysis

The approach used by Castrignanò et al. (2017) was followed for
analysing the heterogeneous data set. This approach integrates the fol-
lowing (geo)statistical procedures:

1. Exploratory data analysis

Basic statisticswere calculated for the study variables to characterize
the type of data distributions and decide if the data need to be submit-
ted to Gaussian transformation (anamorphosis).

2. Sample data migration

For performing the multivariate analysis on the different sensor
data, collected at different times, the radiometric data were collocated
Fig. 4. Configuration of EMI sensor equipment for soil electrical condu
into the EM38 measurements by migrating them to the nearest EMI
sample location.

3. Gaussian anamorphosis modelling

Gaussian anamorphosis was performed to normalize and standard-
ize all variables to zero mean and unity variance. Gaussian
anamorphosis aids solve problems like i) application of multivariate ap-
proach on data with different size and unit; and ii) estimation of
variogrammodels with outliers that cause highly skewed distributions.
The Gaussian anamorphosis is a mathematical function, which trans-
forms a variable Y, with a Gaussian standardized distribution, into a
new variable Z with any distribution:

Z xð Þ ¼ φ Y xð Þ½ � ð1Þ

where x is the location coordinates vector. As the function φ[Y(x)]
needs to be known for any Gaussian value, it is modelled by fitting a
polynomial expansion:

φ Y xð Þ½ � ¼
XK

ι¼0

ψiHi Y xð Þ½ � ð2Þ

where Hi[Y(x)] are called Hermite polynomials. In practice, the polyno-
mial expansion is truncated at a generally high order (k) (30−100) and
tends to be bijective within the interval defined by the minimum and
themaximum of the sample values. Model fitting then consists of calcu-
lating theψi coefficients of the expansion; in order to transform the raw
variable into the Gaussian one, the anamorphosis function has to be
inverted (Castrignanò et al., 2017).

4. Fitting of Linear Model of Coregionalization

For each year individually a LinearModel of Coregionalization (LMC)
was fitted to the direct and cross-variograms of the 10 Gaussian trans-
formed variables including: bulk soil electrical conductivity variable
and 9 radiometric variables corresponding to the three bands at each
of the three monitoring dates. LMC considers all the n studied variables
as the result of the same independent physical processes, acting over
different spatial scales u. The n (n + 1)/2 simple and cross
semivariograms of the variables are modelled by a linear combination
of NS standardized semivariograms of unit sill, gu(h), where h is lag vec-
tor and g(h) one of the authorised mathematical functions for
ctivity measurements in the table grapes vineyard using a tractor.



Table 3
Basic statistics of the measured variables.

Variable Year(s) used Minimum Maximum Mean Median Std. dev Skewness Kurtosis

Soil electrical conductivity (mS m−1) 2016
2017

23.63 180.88 69.34 67.38 21.57 0.54 3.33

Reflectance
670 nm SV 2016 2016 0.01 0.24 0.09 0.09 0.03 0.67 4.98
670 nm MV 2016 2016 0.02 0.47 0.14 0.14 0.05 0.79 4.70
670 nm H 2016 2016 0.00 0.90 0.14 0.13 0.06 2.05 16.54
730 nm SV 2016 2016 0.02 1.00 0.51 0.50 0.17 0.20 3.53
730 nm MV 2016 2016 0.03 1.00 0.56 0.54 0.18 0.22 2.93
730 nm H 2016 2016 0.01 1.00 0.52 0.51 0.20 0.19 2.51
760 nm SV 2016 2016 0.02 1.00 0.44 0.42 0.16 0.65 3.86
760 nm MV 2016 2016 0.03 1.00 0.58 0.57 0.19 0.07 2.74
760 nm H 2016 2016 0.01 1.00 0.55 0.55 0.21 0.04 2.40
670 nm SV 2017 2017 0.01 0.31 0.11 0.10 0.04 0.72 3.40
670 nm MV 2017 2017 0.03 0.26 0.13 0.12 0.03 0.26 3.46
670 nm H 2017 2017 0.00 0.43 0.13 0.12 0.05 0.88 6.06
730 nm SV 2017 2017 0.00 1.00 0.52 0.50 0.24 0.13 2.08
730 nm MV 2017 2017 0.10 1.00 0.69 0.71 0.18 −0.50 2.82
730 nm H 2017 2017 0.01 1.00 0.64 0.66 0.22 −0.38 2.52
760 nm SV 2017 2017 0.01 1.00 0.46 0.44 0.23 0.36 2.32
760 nm MV 2017 2017 0.09 1.36 0.52 0.53 0.14 −0.15 4.65
760 nm H 2017 2017 0.01 0.97 0.46 0.46 0.16 −0.33 2.86
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variogram (Wackernagel, 2003). Using the matrix notation, LMC can be
written as:

Γ hð Þ ¼
XNS

u¼1

Bugu hð Þ ð3Þ

where Γ(h)= [γij(h)] is a symmetric matrix of order n × n, whose diag-
onal and out-of-diagonal elements represent simple and cross
variograms, respectively; Βu = [biju] is called the coregionalization ma-
trix at the scale u andmust be a symmetrical positive semi-definitema-
trix of order n × nwith real elements biju, which represent the sills of the
variograms.

5. Block (co)kriging and change of support

All variograms were regularized (averaged), in order to take into ac-
count the change of support, which causes a reduction in the sill (vari-
ance) of block variogram (Castrignanò et al., 2017). Then, block
cokriging was performed for prediction to properly treat problems that
Fig. 5. Soil electrical conductivity map (mS m−
arise during change of support. Block cokriging can be used to solve
both point-point and point-block problems of change of support although
it can be easily extended to solve any type of change of support problems.
Block cokriging prediction on the block B can be calculated by:

Z Bð Þ ¼
XN

i¼1

λiZ xið Þ ð4Þ

where optimal weights λi are obtained by solving cokriging system equa-
tions resulting fromminimizing predictionmean squared error subject to
unbiasedness constraint. The main difference between point and block
(co)kriging consists in the calculation of the regularized variograms.

6. Factorial block cokriging

Finally, factorial block cokriging was applied to analyze the correla-
tion structure between the variables by applying principal component
analysis (PCA) on each coregionalization matrix at a specific spatial
scale u. At each scale (excluding nugget) only the regionalised factors,
1). Color scale uses iso-frequency classes.
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corresponding to eigen values greater than one, were retained because
they explained a proportion of variance greater than the one explained
by each variable standardized to variance one. They were then interpo-
lated using a modified cokriging system (Wackernagel, 2003 and
Castrignanò et al., 2000), on the same block grid above for cokriging.
Mapping the retained regionalised factors provides a synthetic
(a)
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illustration of the joint behaviour of the variables and their spatial rela-
tionships at the different spatial scales.

All the geostatistical techniques were applied on the transformed
data. At the end, the estimateswere back-transformed to the rawvalues
of the variables through the anamorphosis functions that were previ-
ously calculated.
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2.5. Geostatistical software

All statistical and geostatistical analyses were performed using the
software Isatis 2017.1 (Geovariances, Avon Cedex, France).
3. Results and discussion

The basic statistics of the selected variables from the proximal can-
opy sensor and the soil electrical conductivity sensor, which will finally
be used for the field delineation, are presented in Table 3.

The exploratory analysis of the data revealed considerable spatial
variation and generally large departures from normal distribution
(Table 3). Since some data distributions were skewed, all the variables
were transformed to standardized Gaussian variables, which were
used in all the successive procedures of variography and prediction.

The fitted LMCs after regularization consisted of the same three basic
structures but with different ranges for the two seasons: nugget effect;
spherical model with range equal to 8.21 m and 10.91 m in 2016 and
2017, respectively; k Bessel model with range equal to 46.32 m and
29.7m in 2016 and 2017, respectively. For both years the k-Bessel struc-
ture at longer range prevailed on the other two components in terms of
spatial variance but with a different proportion. In 2016 the distinction
between the two spatial structures was clearer in terms of both range
and variance than in 2017. Actually in the second season the short and
long ranges differed less and the total variancewasmore evenly distrib-
uted among the three spatial components, as it was calculated from the
cumulative values of eigenvalues of each spatial scale (data not shown).
These differences in the twomodels let one imagine that the spatial pat-
tern arrangementmight have been different in the two seasons: it is ex-
pected in fact to be more structured in 2016 compared with the one of
2017.

Bulk soil electrical conductivitymap presented some spatial patterns
with a trend of larger values occurring in the eastern half of the field,
quite likely imputable to differences in soil texture (Fig. 5). Regarding
the thematicmaps of the radiometric data, in 2016 themap of the latest
stage appears the best structured and in away reversed from themap of
ECa for all the bands. An explanation of that may be that the finer tex-
tured soils had a negative impact on the plant vigour. As regards the
maps of 2017 season, they appear noisier compared with the ones of
the previous season. Moreover, in 2017 even the latest stage map is
characterised mostly by random variability. This characteristic of the
2017 maps may be explained partly by the fact that table grapes re-
ceived numerous crop practices on the canopy, in order to manage
properly the crop growth, which caused a destructuring effect of the
canopy variation; partly by the higher soil moisture regime, due to the
high frequency of precipitation, that induced a sort of homogenization
of the spatial soil moisture variation (Or and Hanks, 1992). This effect
was observed also in other studies (Kazmierski et al., 2011; Fountas
et al., 2014; Anastasiou et al., 2018). As for the band, the maps of
rededge look the best structured even at the earliest stages, at least for
2016 season. This result confirms the utility of using reflectance at this
band as an effective indicator of plant vigour in Precision Agriculture
(Delegido et al., 2013) (Fig. 6).

In order to obtain synthetic indicators of scale-dependent variation,
being used for vineyard delineation into homogeneous zones, only the
first two regionalised factors in 2016 and the first regionalized factor
in 2017 of the k-Bessel structure were retained, because corresponding
to eigen values greater than one. As it can be deduced from the loading
coefficients of the retained factors (Table 4), all the variablesweigh pos-
itively and equally on the first factor in 2016 but with a less extent the
reflectance of 670 nm-band at all the three dates of monitoring
(Fig. 6). This result could direct the choice of the most relevant bands
in monitoring the status of vine. Whereas the first factor explains
more than 46% of the variance at about 46-m scale, the second factor ac-
counts for only 33% of the variance at the same scale. The latter is af-
fected mainly and positively by the variable EC whereas negatively
and with a less extent by the reflectance of the three bands at the date



Table 4
Structural composition of the first and second regionalized factors for 2016 and the first
regionalized factor for 2017 with corresponding eigenvalue and explained variance (%).

Variable Factor 1 2016 Factor 2 2016 Factor 1 2017

Soil electrical conductivity 0.3521 0.8600 0.9789
670 nm SV 0.2329 −0.0350 0.0996
670 nm MV 0.1846 −0.0740 −0.039
670 nm H 0.1749 −0.3312 −0.0388
730 nm SV 0.3677 −0.0024 0.0468
730 nm MV 0.3591 −0.0777 −0.0416
730 nm H 0.3612 −0.2586 0.055
760 nm SV 0.3792 0.0298 0.1091
760 nm MV 0.3376 −0.0949 0.0119
760 nm H 0.3237 −0.2475 0.0994
Eigen Value 1.5684 1.1048 1.5789
Variance (%) 46.48 32.74 66.76
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of August 17. This result might be interpreted as a negative impact of
finer soil texture on the vine vigour at the latest stage of development.

As for the season 2017, the only first factor retained at the scale of
about 30 m explains about 67% of the variance at this scale. The factor
is dominated by EC variable and, though to a much lesser extent, by
the 760-nm reflectance at the date of July 9, which means that finer
Fig. 7.Maps of the first regionalized factor (a) and second regionalized factor (b) of 2016 season
texture might have had a positive impact on LAI at the earliest stage of
development.

The different behavior of the two crop seasons might be explained
by the fact that there was higher precipitation during 2017 compared
to 2016, as it was presented in Fig. 2. Thus, the high soil moisture in-
duced spatial variability related to different dielectric properties of soil
(Or and Hanks, 1992; Lück et al., 2009).

Themaps of Fig. 7 graphically represent the fusion of the two sensors
outputs for each year, providing a partition of the field into zones with
different plant spectral and soil dielectric properties.

Actually, the two maps of the 2016 season look quite similar with a
set of spatial structures parallel to the direction of vine rows; however
such structures are better defined in the map of the second factor due
to greater influence of the soil variable, EC. The only one map for 2017
looks much noisier compared with the previous two ones, quite proba-
bly due to the different meteorological pattern during the crop season.
In any case, in both years it results difficult to delineate macro-areas
with homogeneous features being submitted to differential manage-
ment. In such conditions, high resolution VRA technology such as vari-
able rate fertilization and spraying that can take advantage of these
maps should be preferred to management by homogeneous zones for
the proven increased benefits that it can provide to vine growers
(Tisseyre et al., 2008; Llorens et al., 2010).
, and of the first regionalised factor (c) of 2017 season relative to K-Bessel model structure.
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4. Conclusions

A data fusion approach for combining spatial and temporal data
from a radiometric sensor and a soil electrical conductivity sensor,
based on multivariate geostatistics, was described and applied in a
table grapes field. A set of various geostatistical techniques were used
to take into account the different location and support of the two-
sensor measurements, and perform a partition of the vineyard into ho-
mogeneous zones. Actually, due to the particular cropmanagement, the
vineyard was mostly characterised by random micro-variability, which
leads one to prefer VRA over MZ. In any case the integrative use of dif-
ferent sensors can prove to be a useful support for site-specific manage-
ment at any spatial scale.

Data fusion of disparate spatial and temporal data is rising in de-
mand not only from experts in agriculture but also from farmers.
Thus, innovative and more powerful tools and methods should be de-
veloped to direct local management. Geostatistics can provide powerful
solutions in spatial data analysis by fusingmultivariate data recorded at
different locations with different support, as it was performed in this
work. In some cases, more complex non-linear approaches can be re-
quired, but in any case a measure of prediction uncertainty, as
geostatistics effectively provides, is needed.

However, further statistical research is necessary to assess the im-
pact of variable-support data fusion on spatial predictions and their
uncertainties.
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