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Abstract

Conventionally, vineyard fertilizer management has been based on information from composite soil samples 
and no account has been taken of the existing spatial variability in soil fertility. This study presents a quan-
titative analysis of soil phosphorus (P2O5) and potassium (K2O) content as well as pH carried out in an 80 ha 
vineyard, during 2011 and 2013 in order to identify their spatial variability and temporal stability. Additionally 
a quantitative analysis of plant P2O5 and K2O content was carried out in 2013 with the objective of evaluating 
the spatial variability of plant nutrients. In 2013 a contact sensor was used to survey soil apparent electrical 
conductivity (ECa) and an active optical sensor was used to measure the plant Normalized Difference Vegetation 
Index (NDVI). The results showed a low potential for implementing site-specific management of phosphorus 
fertilizer but an interesting potential for implementing site-specific management of potassium fertilizer and pH 
correction. The concentration of P2O5 and K2O in the plant showed a CV<30%, with adequate values in almost 
the entire area of the field, in contrast to the concentration of these main macronutrients in the topsoil. These 
results show that for differential nutrient management of vineyards, plant nutrient concentration is a more stable 
tool than soil nutrients concentration. The ECa and the NDVI presented weak correlations with soil and plant 
concentration of, , respectively, P2O5 and K2O, which shows that further development of vegetation operational 
sensors is needed to support decision making in the vineyard fertilization management.

Keywords: Fertilizer management, vineyard, spatial variability, plant nutrition, NDVI, apparent soil electrical 
conductivity  
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1. Introduction

A sustainable agricultural soil-plant system is neces-
sary to guarantee both the production of healthy foods 
and preservation of the environmental. To achieve 
these aims it is fundamental to promote plant perfor-
mance and soil health, properties which are a result of 
the interactions between chemical, physical and bio-
logical factors known as the “macro-components of 
soil fertility” (Azcón-Aguilar and Barea, 2015).
The main aim of modern oenology is to produce wines 
of recognized quality and typicity, which can then be 
differentiated in an ever more demanding market. Soil 
properties, together with climate, directly affect vine 
development, berry composition and wine quality po-
tential (Stevanato et al., 2014). Considering that spa-
tial variability is one of the major soil characteristics, 
variation in soil properties appears to be a key driver of 
vineyard yield and quality variability (Unamunzaga et 
al., 2014). Viticulture is always intensively managed, 
with high agrochemical inputs, including fertilizers. 
Nevertheless, conventional fertilizer management of 
vines is based on composite soil samples which do not 
take account of the spatial variability in soil fertility. 
Detailed knowledge about spatial variability of soil 
chemical and physical properties is essential for mod-
ern viticulture management (Rodríguez-Pérez, 2011; 
Unamunzaga et al., 2014). 
The decision by farmers to adopt differentiated fertil-
ization strategies within a field is usually supported by 
maps of soil spatial variability and temporal stability, 
using techniques described by various authors (Shi et 
al., 2002; Xu et al., 2006; Serrano et al., 2014). This 
method combines both spatial and temporal effects 
into a single map of management classes. A combina-
tion of soil sampling at discrete locations and geosta-
tistics is widely used to provide soil spatial informa-
tion (Corwin and Lesch, 2005), however, this method 
is expensive and time-consuming due to the fact that it 

demands intensive sampling in order to attain a good 
representation of the soil properties (Morari et al., 
2009), which is not viable for site-specific vineyard 
management (Corwin and Lesch, 2005; Morari et al., 
2009; Peralta and Costa, 2013).
Another possible method of vineyard nutrition man-
agement and optimization is chemical analysis of nu-
trient concentration in leaves and petioles. The studies 
of Robinson et al., (1997) and Goldspink and Howes 
(2001), for example, are guidelines for interpreting the 
results of the petiole analysis in the vineyard. How-
ever, this approach is also rather expensive and, nor-
mally, performed with low spatial resolution (Homo-
lová et al., 2013).
For these reasons, vine nutrition management and op-
timization are rather complex, which is aggravated by 
the fact that vine roots can expand to great soil depths 
and, consequently, the correlation between plant and 
soil nutrient concentrations is usually very low. 
Crop management currently tends to promote the use 
of efficient and inexpensive methods over larger areas 
to acquire information on crop parameters, decisive for 
sustainable management. With the current availability 
of expedite equipment for soil and crop monitoring, 
associated with location and geographic information 
systems (GIS) it is possible to measure, estimate and 
manage within-field variability, crucial for precision 
viticulture (Morari et al., 2009). 
The application of geospatial measurements of appar-
ent soil electrical conductivity (ECa) is a practical and 
efficient technique to quickly characterize the spatial 
high-resolution pattern of soil properties within fields 
and a less expensive alternative to manual gathering 
of soil quality indicators (Corwin and Lesch, 2005; 
Moral et al., 2010; Peralta and Costa, 2013; Doolittle 
and Brevik, 2014). Especially, the measurements of 
ECa have a great potential for optimizing soil sampling 
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to better characterize the spatial pattern of edaphic 
properties influencing crop yield, which in turn can be 
used to define site-specific management units (Moral 
et al., 2010). Nevertheless, this technique does have 
some limitations: results are site-specific and the cor-
relations depend on complex interactions between 
soil variables (Peralta and Costa, 2013; Doolittle and 
Brevik, 2014). 
On the other hand, several vegetation indices, obtained 
by means of remote and proximal sensing have been 
developed, tested and improved along the last 40 years 
by researchers in order to estimate and compare many 
leaf and canopy properties. Normalized difference 
vegetation index (NDVI) is normally correlated with 
vegetative vigor (Broge and Leblanc, 2000), so this 
can be seen as another rapid means of obtaining spa-
tial information for detailed soil and canopy mapping. 
Spectroradiometers, together with the development of 
radiative transfer models (Liang, 2004), have facilitat-
ed the study of some plant nutrients such as nitrogen, 
phosphorous and potassium. 
The success of these technological innovations de-
pends on advances in the state of knowledge about the 
decision support systems. At present, little is known 
about the nature, extent or stability of within-field vari-
ation in vineyard soils and whether it would be feasible 
to manage such variation in a site-specific way. The 
emergence of variable rate technology (VRT) for dif-
ferential application of inputs (eg. fertilizers), makes 
site-specific management particularly important for 
closing the Precision Agriculture (PA) cycle.
The aim of this study was to evaluate the spatial and 
temporal patterns of phosphorus, potassium and pH at 
two times (2011 and 2013) in a vineyard and, conse-
quently, to evaluate the potential for improving vine-
yard fertilizer management and pH correction. Simul-
taneously, the applicability of new tools (ECa sensor 
and NDVI sensor) for monitoring spatial variability of 
soil or plant parameters in vineyard was evaluated.

2. Material and Methods

2.1. Site characteristics 

The Casito vineyard, with an area of about 80 ha, divided 
in 23 plots and with diverse grape varieties, is located at 
the Pinheiros farm (Lat: 38° 32' 37.87''N, Long: 52° 7' 
11.00''W, Datum WGS84) in the Alentejo region, South-
ern Portugal. The predominant soils are derived from 
gneiss and migmatite parent material and classified as 
“Haplic Luvisols” and “Stagnic Luvisols” (FAO, 2006). 
The “Haplic Luvisols” occur mainly in the slopes and the 
“Stagnic Luvisols” in the more flat areas.  
The climate is temperate with typical Mediterranean 
characteristics. The summers are usually hot and dry, 
while the winters are cold and wet; the springs and au-
tumns have mild and moderate temperature ranges. The 
average annual precipitation is 550 mm, and the rainfall is 
concentrated mainly in wintertime. The average air tem-
perature is 16 °C. The absolute maximum air temperature 
is 42 °C. The average absolute minimum air temperature 
is approximately 12 °C with an absolute minimum of -5 
°C. Daily sunlight hours are maximum in the 3 month 
period before harvest, and the total annual sunlight is ap-
proximately 3000 hours. The Casito vineyard is irrigated, 
usually at 75 mm per season but up to 100 mm in very 
hot, dry years and is maintained and improved by an an-
nual homogeneous application of 150 kg ha-1 of a ternary 
fertilizer “Foskamónio” 14-28-10 (N-P-K).
The topography of this particular vineyard (Figure 1) 
can be characterized as undulating, with altitudes vary-
ing from approximately 240 m to 260 m, and with 
gentle slopes varying from 0% to 10%. A topographic 
survey of the area was carried out using a real time ki-
nematic GPS instrument (Trimble RTK - 5700 GNSS, 
manufactured by TRIMBLE, GmbH, Am Prime Parc 
11, 65479 Raunheim, Germany). The elevation data 
were sampled in the field with an all-terrain vehicle 
(ATV) on paths 5 m apart. 
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Figure 1. Sampling points and elevation map of the 
studied field.

2.2. Soil sample collection and analysis

Eighty composite soil samples were taken on March 
2011 from the top layer (0-0.30 m), using a gouge 
auger and a hammer. Each composite sample com-
prised six sub-samples taken within a 3-m radius area 
of the georeferenced sampling point (Figure 1). Their 
location was based on a stratified random sampling 
scheme (Burrough and McDonnell, 1998) taking into 
consideration the relative field elevation. Their geo-
graphical coordinates were registered with the 5700 
Trimble RTK GNSS survey-grade receiver. The soil 
samples were placed into plastic bags, air-dried and 
characterized in terms of pH, P2O5 and K2O using the 
following methods; pH in 1:2.5 (soil: water) suspen-
sion, using the potentiometric method; extractable 
P2O5 and K2O with ammonium lactate and acetic acid, 
respectively (Egnér-Riehm method).
In March 2013, eighty composite soil samples were 
collected at the same georeferenced sampling points of 
2011 and at the same depth and the soil was character-
ized in terms of texture (sand, silt and clay contents), 
pH, organic matter, P2O5 and K2O. The soil samples 
were analyzed for particle-size distribution using a 
sedimentographer (Sedigraph 5100, manufactured 

by Micromeritics), after passing the fine components 
through a 2 mm sieve. The pH, P2O5 and K2O of the 
fine components (<2 mm fraction) were determined 
using the above-mentioned methods, while organic 
matter content was established using dry combustion 
at 1300 ºC in a Leco SC144DR elemental analyser 
(LECO Corporation, St. Joseph, Michigan, USA). 

2.3. Plant sample collection and analysis

Eighty composite petiole samples were taken on May 
2013 (in vine flowering state) at the same locations 
as the soil samples shown in Figure 1. These samples 
were placed into plastic bags and frozen until lab pro-
cessing. Each petiole composite sample contained 
approximately 200 petioles collected within a 3 m ra-
dius from the central coordinate of each soil position. 
The plant petioles were analysed for P2O5 and K2O 
after dry ashing in a muffle furnace, respectively by 
colourimetry and by flame emission spectrophotom-
etry. The guidelines for interpreting the results of the 
petiole analysis were adapted from Robinson et al., 
(1997) and Goldspink and Howes (2001). 

2.4. Apparent soil electrical conductivity survey
 
A Veris 3150 contact-type sensor (Veris Technologies, 
Salina, KS, USA), equipped with a global position-
ing system (GPS) antenna was used to measure ECa 
in the 80 ha studied field in March 2013. The soil re-
sistance sensor was pulled by a conventional tractor at 
an average speed of 5.5 km h−1, along different parallel 
transects, approximately 10 m apart. The unit was pro-
grammed to register measurements every second (about 
1.5 m interval in the travel direction) and to generate two 
sets of topsoil data from 0 to 0.30 m and 0 to 0.90 m 
depths. In this work only the data from the 0–0.30m soil 
layer were used for correlation with soil parameters since 
the soil samples were also collected from this layer. 
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2.5. Vegetation multispectral survey

A commercial OptRx active crop sensor equipped 
with a Trimble GNSS GeoExplorer 6000 series model 
88951 with sub-meter precision (Trimble: GmbH, 
Am Prime Parc 11, 65479 Raunheim, Germany) was 
used to measure the multispectral bands of the 80-ha 
vineyard on May 2013. The OptRx crop sensor was 
assembled on a metallic frame, and mounted on an 
ATV at 0.5 m above vineyard vegetation and pulled 
along different parallel transects, approximately 10 
m apart. This sensor, constructed by Ag Leader (2202 
South River Side Drive Ames, IOWA 50010, USA), 
measures simultaneously three infrared bands: i) RED 
(670 nm with a range of 20 nm); ii) RED EDGE (728 
nm with a range of 16 nm); and iii) NIR (775 nm with 
basically everything under 750 nm being filtered). 
With two of the previous spectral bands, NDVI vege-
tation index was calculated considering the following 
expression (Equation. 1): 

REDNIR
REDNIRNDVI

+
−

=  

 

 

 

2.6. Classical statistics, geostatistical and regression 
analyses

Descriptive statistics including means, standard devi-
ations (SD), coefficients of variation (CV), ranges and 
skewness values were determined for each dataset. 
A grid-based Digital Elevation Model (DEM) surface 
was created using the linear interpolation based on a 
triangular irregular network (TIN) tool from ArcGIS 
10.1 (ESRI, 2012) and converted into a raster DEM 
with 1 m resolution. 
Ordinary kriging, which is referred in the literature 
as being the best unbiased estimator (Castrignanò and 
Buttafuoco, 2004), was used as the interpolation al-
gorithm for soil and plant parameters. The surfaces 
previously obtained by geostatistical analyses were 

converted to a grid format with a 10 m resolution 
and developed in “Geostatistical analyst tool” and 
“Spatial analyst tool” of the ArcGIS 10.1 (ESRI, 
2012). All measurements of ECa and NDVI were 
transferred to ArcGIS 10.1 (ESRI, 2012). To inter-
polate these data the IDW (inverse distance weight-
ed) method was used, with a variable search radius 
considering of a minimum of 12 points and a 10 m 
by 10 m grid. According to Watson (1992) when the 
sampling density of a parameter is extremely high, 
which is the case of these two parameters, kriging 
interpolation is identical to the IDW method. Re-
gression analysis was used to examine relationships 
of ECa (0 to 0.30 m depth) and NDVI data with el-
evation, soil and plant parameters. Correlation coef-
ficients “r” for the statistically significant regression 
relationships (p<0.05) were then presented. 

2.7. Spatial variability analysis

The spatial variability in soil parameters was calculat-
ed as the mean value  ( iy ) 

 

 at the ith sampling point 
over the 2-year period of evaluation (2011 and 2013) 
according to the methodology suggested by Shi et al., 
(2002) and Xu et al., (2006) (Equation 2). The stabil-
ity of soil parameters was determined by calculating 
the average coefficient of variation ( ) for all sam-
pling points over the years of evaluation (Shi et al., 
2002; Xu et al., 2006). (Equation 2)

where yi is the soil parameter value at the sampling 
point i at time t and n is the number of sampling 
years.
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2.8. Temporal stability analysis

The temporal stability of soil parameters was de-
termined by calculating the coefficient of variation 
at each sampling point over the years of evaluation 
(Equation. 3) (Xu et al., 2006)

where CVi is the coefficient of variation over time at 
sampling point i.  
The average temporal coefficient of variation ( ) for 
each year for all sampling points was calculated as 
follows (Equation. 4) (Xu et al., 2006):

where m is the number of soil sampling points.
The annual  for all sampling points was calculated 
to show the relative magnitudes of temporal variation 
for soil parameters; large values of    indicate con-
siderable temporal variation. 

2.9. Maps of management classes

These data were combined into two maps that char-
acterize the spatial variability and the temporal sta-
bility of soil parameters, recorded over the 2-year 
period. Although the two techniques described above 
quantify the spatial and temporal variation, they 
can be combined further into a single map of man-
agement classes, each with different characteristics 
which can be used for future decision making rela-
tive to site-specific management strategies for each 
field in subsequent seasons. The map of management 
classes shows areas that have consistently above or 

below reference values and characterize the tempo-
ral stability based on coefficient of variation (CV) 
of the parameters. These maps distinguish five dif-
ferent field areas in terms of their spatial and tempo-
ral characteristics: 1- high values (greater than field 
reference concentration) and stable; 2- high values 
and moderately stable; 3- low values (smaller than 
field reference concentration) and stable; 4- low val-
ues (smaller than field reference concentration) and 
moderately stable; and 5- unstable (Xu et al., 2006). 
Each sampling point was represented by a coded val-
ue. The sampling points were classified by applying 
combinational logic statements to the spatial varia-
tion and temporal stability data sets, considering the 
following conditions: condition 1 (relative value) 
identifies whether the point is above or below the 
reference value for the parameter in question; condi-
tion 2 (temporal stability) identifies the stability of 
soil parameters at a particular point by comparing 
the CV to two arbitrary thresholds: stable if CV < 
15%;  moderately stable if 15%≤ CV<25%; unstable 
if CV≥ 25% (Xu et al., 2006). A point was consid-
ered to belong to a particular class if both conditions 
were true, and it was then assigned an arbitrary class 
code shown in brackets.  

3. Results 

Table 1 presents the mean, standard deviation, co-
efficient of variation, range and skewness values of 
measured soil and plant parameters of the studied 
field in sampling years (2011 and 2013). 
The average characteristics of the topsoil are: loamy 
sand to sand (clay ~18%); low levels of organic 
matter (mean < 1.0%); neutral pH (mean = 6.8 ± 
0.3); relatively rich in potassium (K2O mean > 100 
mg kg-1); with average values of phosphorus (P2O5 
between 65-80 mg kg-1). 
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Table 1. Mean, standard deviation, coefficient of variation, range and skewness values of soil and plant param-
eters in the studied field in sampling years (2011 and 2013).

SD- Standard deviation; CV- Coefficient of variation; OM- Organic matter.

Table 2. shows the best variogram models obtained with the ordinary kriging interpolator for soil and plant param-
eters. Theoretical spherical and exponential quadratic models provided the best fit for all cases. 

Table 2. Best variogram models obtained with the ordinary kriging interpolator for soil and plant parameters. 

RMSSE: Root mean squared standardized error.
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Figures 2 and 3 show the spatial variability of soil pH, 
P2O5 and K2O in 2011 and 2013, respectively.   

Figure 2. Spatial variability maps of the studied field 
in 2011: soil pH (top), phosphorus (P2O5, middle) and 
potassium (K2O, bottom) content.

Figure 3. Spatial variability maps of the studied field 
in 2013: soil pH (top), phosphorus (P2O5) (middle) 
and potassium (K2O) (bottom).

Phosphorus and potassium are involved in an array 
of processes in plants such as photosynthesis, respi-
ration, energy generation, nucleic acid biosynthesis 
and constitute an integral component of several plant 
structures (Balemi and Negisho, 2012)
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Figure 4 shows the spatial variability of plant P2O5 

and K2O content in May 2013 (vine flowering state).

Figure 4. Spatial variability of plant phosphorus 
(P2O5, top) and potassium (K2O, bottom) content in 
May 2013 (vine flowering state).

The variability shown by the measured soil parame-
ters confirms the interest and the potential for a differ-
entiated fertilization management. Figure 5 illustrates 
the management class maps of pH, P2O5 and K2O or-
ganized by plots in the studied field.

 

Figure 5. Management class maps of the studied field 
organized by existing field plots: pH (top), phospho-
rus (P2O5, middle) and potassium (K2O, bottom).
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Understanding relationships between sensor-based 
measurements and soil properties related to soil qual-
ity may help to develop soil management strategies 
to simplify the detailed soil and plant evaluation by 
conventional sampling (Mertens et al., 2008). Figure 
6 shows the ECa (0-0.30 m) and NDVI maps of the 
studied field in 2013 . This georeferenced informa-
tion, obtained by soil electrical resistance and active 
crop sensors, respectively, show the important spa-
tial variability of measured parameters in the studied 
field, especially the ECa (spatial CV=60%), which 
confirms the spatial variability identified directly in 
the measured soil parameters.

Figure 6. Maps of ECa (top, March 2013) and NDVI 
(bottom, May 2013) of the studied field.

According to André et al., (2012), the vegetation vig-
or (measured by NDVI) integrates the influence of all 
environmental factors, whereby vine NDVI can po-
tentially be related to soil characteristics, such as elec-
trical conductivity. In particular, high soil electrical 
conductivity values correspond to either high water, 
clay or nutrient contents, or a combination of these 
three (Corwin and Lesch, 2005). It would therefore 
be expected that a high electrical conductivity would 
correspond to a high NDVI, as these factors gener-
ally favour plant growth. However, this relationship 
is complex and factors such as soil compaction may 
have an opposite effect, namely, increasing ECa while 
limiting plant growth (André et al., 2012).  

4. Discussion 

4.1. Soil and plant spatial variability

Considering the classification proposed by Unamun-
zaga et al., (2014) based on the spatial CV, the spatial 
variation for some soil properties are high (>35%), es-
pecially with regard to the P2O5 (CV> 160% in 2011 
and 80% in 2013) and ECa (CV = 60%). Potassium 
(CV~30%), organic matter and texture (with spatial 
CV between 15 and 35%) were moderately variable; 
pH is even less variable with a CV of less than 5%. 
The undulating topography (approximately 20 m of 
difference in elevation between the highest and the 
lowest sampled points in the studied field, Figure 1), 
contributes decisively to spatial variability of the soil 
and crop characteristics.
In the case of plants, P2O5 and K2O were moderately 
variable (CV~25%), while NDVI showed reduced 
variability (CV<15%).  It is evident (Figure 4) that 
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plant P2O5 and K2O levels are, in almost generality 
of the study area, adequate or high, which do not 
reflect the measured soil concentrations. These re-
sults show the plant’s ability to maintain adequate 
levels of nutrients, even if the soil presents rela-
tively low concentrations. The nutrition of plants is 
predominantly controlled by the complex nutrients 
dynamics in the soil/rhizosphere-plant continuum 
(Shen et al., 2011). Rhizosphere is the interface be-
tween the plant and the soil, where plants acquire 
nutrients facilitated by biogeochemical processes 
(Larsen et al., 2015). 
Under soil nutrient deficiency, plants can develop 
adaptive responses not only to facilitate efficient 
nutrient acquisition and translocation, but also to 
utilize stored nutrient more efficiently or limit nutri-
ent consumption (Shen et al., 2011). An integrated 
understanding of the complex defence mechanisms 
of grapevine to edaphic stresses could lead to actions 
targeted at enhancing natural nutrient cycling, re-
equilibrating the nutritional status of plants and re-
ducing dependence on mineral fertilizers in vineyard 
systems (Stevanato et al., 2014). These adaptations 
in root morphology and root physiology are a major 
grapevine characteristic resulting from its deep root 
structure, which allows it to absorb water and  nutri-
ents from great depths (Shen et al., 2011; Balemi and 
Negisho, 2012), particularly important in the case of 
phosphorus because of the relative immobility of 
this nutrient in the soil (Balemi and Negisho, 2012). 
Smart et al., (2006) observed that vine nutrition is 
favoured in the upper horizons with the lower layers 
contributing to the overall water supply. 

4.2. Management class maps

Soil nutrient spatial variability and temporal stabil-
ity are two conditions which may justify differential 
management and are the basis for spatially variable 
fertilization (Blackmore et al., 2003). The distribu-
tion and dynamics of nutrients in soil has a significant 
spatio-temporal variation (Shen et al., 2011). Recent 
research in precision viticulture has focused on the 
use of management zones, which are defined as sub-
field regions within which the effects on the crop of 
seasonal differences in weather, soil and management, 
are expected to be more or less uniform (Morari et al., 
2009).  For this purpose, it is often useful to define 
classes from a set of multivariate spatial data stored 
in a geographic information system. 
The results show a high phosphorus (P2O5) temporal CV 
(  =32.7 ± 25.6%; the unstable class represents more 
than 50% of the total area), which is unexpected, since 
the annual inputs are uniform throughout the parcel and 
the extraction by the crop is not significantly different 
from year to year. The complexity of soil phosphorus dy-
namics has been demonstrated by several studies. As a re-
sult of adsorption, precipitation and conversion to organic 
forms, only 10-30% of the applied mineral phosphate fer-
tilizer can be recovered by the crop grown during the year 
of application (Balemi and Negisho, 2012). Despite the 
low potential for implementing site-specific management 
of phosphorus fertilizer, there is potential for implement-
ing site-specific management of potassium fertilizer ( 
=16.3 ± 11.3%; more than 90% of the total area is stable 
or moderately stable and 45% below the reference value) 
and pH correction ( =2.6 ± 1.9%; 100% stable and 
41% below the reference value).
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In practical terms, the management class maps can 
help the wine grower undertake an intelligent sam-
pling, fertilization and conditioning strategy for pH, 
phosphorous and potassium. In the case of pH, given 
its influence on the availability of other nutrients, it 
is recommended to confirm in future sampling cam-
paigns any tendency for slightly acid pH values in the 
southwest area of the field (see Figures 2 and 3, top). 
In the case of phosphorus, there is a clear need to re-
plenish P2O5 levels in approximately 80% of the field 
(see Figures 2 and 3, middle), however, the temporal 
instability (see Figure 5, middle) hinders the decision 
making of the wine grower and justifies extending the 
intensive sampling process at least for another cam-
paign in order to confirm if the instability of the soil 
phosphorus concentration is maintained and, if so, to 
try to identify possible causes and any trends based 
on knowledge of the historic fertilizer management at 
this field. In the case of potassium,it is recommended 
to reduce the amounts of fertilizer, applying it as a 
function of the levels of this nutrient in the soil and 
to try to identify the causes for visible decline in the 
concentration of this nutrient below the values consid-
ered adequate (about 100 mg kg-1) in the western part 
of the field (see Figures 2 and 3, bottom).   

4.3. Relation of ECa and NDVI with elevation, soil 
and plant parameters

Table 3 presents the correlation coefficients of ECa 
(0-0.30 m) and NDVI data with elevation, soil and 
plant parameters. The significant and negative val-
ues of the coefficients of correlation between ECa 
and elevation (r=-0.235; p<0.05) and between NDVI 
and elevation (r=-0.612; p<0.01) demonstrate the 
expected inverse relationship of these attributes, 
shown previously by Tarr et al., (2005). Serrano et 
al., (2010) also observed higher soil electrical con-
ductivity in lower areas, where soil moisture levels 

tend to be naturally higher at the end of spring, in 
Mediterranean climates. Surface topography plays a 
significant role in influencing spatial ECa variation. 
Slope and topography will determine the level and 
location of water runoff and infiltration, which will 
influence the variations in water content and salinity. 
Areas with steeper slopes tend to have lower water 
content than depressional areas. The influence of 
surface topography on salinity distribution coincides 
with the influence of surface topography on water 
flow gradients, which result in salt transport (Cor-
win and Lesch, 2005). On the other hand, accord-
ing to Fraisse et al., (2001), the vegetative vigour of 
plants (and, consequently NDVI) is strongly related 
to available water, so its variability can be approxi-
mately determined based on soil physical properties 
and topographic characteristics.

Table 3. Significant correlation coefficients of ECa 
(0-0.30 m) and NDVI data with elevation, soil and 
plant parameters 

** -Correlation significant at the 0.01 level; *-Correlation 

significant at the 0.05 level; ns-Correlation not significant; 
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The point to emphasize is the weak, or the lack of 
correlation, between the ECa obtained by the Veris 
sensor and soil parameters and between NDVI and 
plant parameters. Apparent soil electrical conductiv-
ity measurements are often used directly for mapping 
variation patterns in agricultural soils, e.g. to guide 
soil sampling or to identify management zones (Ro-
dríguez-Pérez et al., 2011). Modelling the relation-
ships between soil variables and ECa is essential to as-
sess and describe the spatial variability within a vine-
yard with sufficient precision. However, the task is 
not generally easy because ECa depends on many soil 
properties over different spatial scales, in a very com-
plex way (Morari et al., 2009). In this study, the soil 
components that were most effectively mapped using 
ECa were the physical properties related to particle 
size distribution. Apparent soil electrical conductivity 
was significantly and negatively correlated with the 
coarser texture component (sand; r=-0.558; p<0.01) 
and significantly and positively correlated with the 
finer ones (clay and silt; r=0.574; p<0.01 and r=0.358; 
p<0.05, respectively). This relationship was also 
demonstrated by Morari et al., (2009) and Rodríguez-
Pérez et al., (2011). These soil physical parameters 
are of considerable importance for grape quality and 
nutrition (Rodríguez-Pérez et al., 2011). Generally the 
soil clay content is a soil fertility indicator as it af-
fects structural and hydrological properties as well as 
nutrient availability and plant vegetative vigour. The 
significant correlation of ECa with soil organic matter 
observed in this work (r=0.303; p<0.05) is similiar to 
the results of  several other studies (e.g., Corwin and 
Lesch, 2005). Also the significant correlation of ECa 
with pH (r=0.363; p<0.05) is consistent with findings 
in previous studies and expected because it reflects 
the influence of salts on ECa readings (Serrano et al., 
2010; Peralta and Costa, 2013). 
For other chemical properties (such as phosphorus 
and potassium), the lack of correlation is in line with 

the findings of Rodríguez-Pérez et al., (2011) who 
reported no significant correlation between ECa and 
potassium. Also Peralta and Costa (2013) showed that 
ECa was not able to explain the variability in the con-
centration of nutrients of low electric charge, such as 
phosphorus and potassium.
Similarly to what happened with soil ECa, phosphorus 
and potassium, also NDVI showed relatively poor and 
non-significant relationships with plant-based nutri-
ents (P2O5 and K2O). This is an acceptable behaviour 
since the concentration of nutrients in the plants is ad-
equate or high in all extension of the field (see Figure 
4). It is, however, expected that in situations of plant 
nutrient deficiency, the plant vegetative vigour would 
be affected (e.g., the chlorosis of the leaves), a phe-
nomenon detected by optical active sensors (Broge 
and Leblanc, 2000). Nutrient deficiency affects the 
physiology of different plant tissues, but normally 
leaf chlorosis is the most common symptom that can 
be observed (Bratasevec et al., 2013). This type of be-
haviour may imply that the best method to monitor 
vineyard nutrition, to identify nutritional deficiencies 
and to determine the need for nutrition adjustments 
would be based on the analysis of leaf nutrient con-
centration, because plants integrate all relevant soil 
conditions and express their nutritional deficiencies or 
toxicity in the vegetation. However, producers know 
that this method is relatively expensive, and they nor-
mally cannot obtain the spatial and temporal resolu-
tion required to optimize vineyard fertilization.
According to Homolová et al., (2013) it is possible 
to measure the concentration of phosphorus in plants 
using spectral empirical estimation models with av-
erage coefficients of determination of approximately 
0.57. However, Pimstein et al., (2011) reported that 
no vegetation index specifically for plant P estimation 
has been found. Therefore, a certain inconsistency ex-
ists among studies related to the use of spectroradiom-
eters for this purpose and further research is necessary 
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to solve some still-unclear aspects between spectral 
responses and plant nutrient concentration, namely, 
the low concentration of some nutrients in the leaves 
(e.g. mean P2O5<0.5%) and the real influence of can-
opy structure on spectral measurements (Balemi and 
Negisho, 2012). Additional works should evaluate 
and validate the active optical sensors in confirmed 
situations of plant deficiency. 
In the past two decades, significant progress has been 
made in understanding soil, rhizosphere, and plant 
processes associated with soil nutrient transforma-
tion, mobilization and deficiency responses. How-
ever, many aspects of overall nutrient dynamics in the 
soil-rhizosphere-plant continuum are not thoroughly 
understood, including plant sensing of heterogeneous 
nutrient supply in soil (Shen et al., 2011). On the 
other hand, over the past 10 years, a number of new 
technologies based on electromagnetic properties and 
on multiespectral responses have emerged, whereas 
great progress has also been made in other existing 
technologies, such as infrared sensors, X-ray, nuclear 
magnetic resonance and magnetic resonant imaging 
(Ruiz-Altisent et al., 2010). These developments 
have opened new areas of research in agriculture 
as well as new applications for sensing crop qual-
ity (Ruiz-Altisent et al., 2010). It is expected that 
this situation will lead to the development of new 
field operational sensors, capable of detecting the 
concentration of nutrients in plants and allow the 
implementation of differential fertilizer management 
without the use of the complex and time-consuming 
process of spatial sampling.

5. Conclusions

This study, focusing on the evaluation of spatial 
and temporal variability of phosphorus and potas-
sium in the soil and plant, shows the necessity of 
new paradigms in vineyard fertilizer management. 

The conventional approach, based on composite soil 
samples, not taking into account the variability of soil 
fertility and plant nutrients concentration, is expensive 
and does not respond to the challenges offered today by 
variable rate technology in viticulture. The quantitative 
soil and plant analysis showed potential for implement-
ing site-specific management. Given the importance 
of phosphorus and potassium for plants and their im-
portance as a strategic resource, a better understanding 
of the nutrients dynamics in the soil-rhizosphere-plant 
continuum is necessary to guide the establishment of 
integrated nutrient management strategies.
Georeferenced information obtained by soil resistance 
and active crop sensors used in this study showed sig-
nificant spatial variability in the studied field, which 
justified the interest in detailed evaluation of soil and 
plant parameters. However, the correlation of ECa 

with soil phosphorus and potassium and of NDVI 
with plant phosphorus and potassium is poor, which 
can be associated, respectively, with the capacity of 
the roots to explore soil layers deeper than the sam-
pling depth (0.30-0.50 m) and the difficulty of the ac-
tive optical sensor in detecting low concentrations of 
nutrients in plants unless these are visibly manifested 
under the form of leaf chlorosis. 
These results show that vine nutrition management 
and optimization are rather complex and that current-
ly, the challenge in terms of research, is to develop 
or adapt expedite, inexpensive and reliable tools, with 
acceptable spatial and temporal resolution for moni-
toring spatial variability of soil and plant nutrients. 
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