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ABSTRACT
Relative soil water content (RSWC) is widely used to characterize the impact of water stress (WS) 
on vegetation. In bi-layer ecosystems, such as olive groves, this impact must be primarily 
estimated for the tree component, which, having greater rooting depth, responds more slowly 
to WS than understory grass. This complicates the application of methods for RSWC prediction, 
which must be properly adapted to consider the deeper soil layer influential on olive trees. The 
current study investigates the modification of a recently proposed RSWC simulation method 
based on a combination of meteorological and satellite-derived normalized difference vegeta
tion index (NDVI) data. The application of the method to an olive grove in Central Italy requires 
the estimation of both weather and NDVI contributions affecting solely olive trees, which is 
carried out through the use of appropriate data processing techniques. The RSWC estimates 
obtained reasonably reproduce the ground RSWC observations referred to the 1 m soil layer, 
which are representative of the WS affecting olive trees (r2 = 0.795, RMSE = 0.15 and MBE =  
−0.09). The limits and prospects of this method are finally discussed with particular reference to 
the possible integration of the RSWC estimates within more complex ecosystem models.
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Introduction

Soil water content (SWC) is an important environmental 
factor, the knowledge of which is fundamental for sus
tainable water management at different spatial and tem
poral scales. Soil water shortage, in fact, induces the 
activation of several eco-physiological mechanisms that 
reduce plant transpiration and photosynthesis and, con
sequently, development and growth (Chaves et al., 2002). 
The impact of water stress (WS) on vegetation is often 
characterized through the transformation of SWC into 
relative SWC (RSWC), which is obtained by normalizing 
the former between minimum and maximum values 
indicative of full soil water depletion and availability, 
respectively (Allen et al., 1998). Hence, RSWC is approxi
mately equivalent to the soil WS coefficient (Ks) utilized 
by the Food and Agriculture Organization (FAO): when 
Ks is 1, no soil water deficit subsists, while when it is 
lower than 1, WS is on (Allen et al., 1998).

The operational estimation and/or modelling of 
RSWC over wide areas generally encounters several 
difficulties due to its high spatiotemporal variability 
(Vereecken et al., 2014). This is particularly the case 
for bi-layer ecosystems, such as olive groves, which are 
composed of a mixture of trees and grasses having 
different rooting depths. In fact, the water reserve in 
deep soil layers is both exhausted and replenished 

more slowly than near the surface, and vertical SWC 
variations can be additionally caused by other local 
factors, such as inputs from a shallow water table or 
lateral advection from adjacent water sources (Brocca 
et al., 2017). Thus, the actual RSWC influence on 
vegetation varies depending on the soil layer explored; 
in traditional olive groves, grass and tree root systems 
share the first soil layer, but the roots of herbaceous 
plants are generally confined to the first 0.2–0.3 m, 
while olive trees explore down to 0.8–1.0 m, depend
ing on age, soil and management (Diaz-Espejo et al.,  
2012). In these cases, attention should be focused on 
the RSWC of the deeper layer, which directly controls 
the cultivation and management of olive trees 
(Arampatzis et al., 2018).

In a recent investigation, our research group has 
proposed and tested a modelling strategy that com
bines standard meteorological and optical remotely 
sensed data for the operational monitoring of RSWC 
(Gardin et al., 2021). The method is based on the 
weighting of two factors descriptive of meteorological 
WS which influence vegetation and bare soil for the 
respective cover fractions estimated remotely. This 
modelling strategy offers the advantage of being 
directly informative about the RSWC that affects 
local vegetation, which is usually the most relevant 
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for operational agro-ecological applications. 
Consequently, the method is intrinsically suited to be 
adapted for estimating the RSWC affecting olive trees, 
which is the subject of the current research. In parti
cular, the possibility of applying the RSWC estimation 
method in a by-layer ecosystem is investigated 
through the use of high spatial resolution normalised 
difference vegetation index (NDVI) imagery derived 
from the Sentinel-2 MultiSpectral Instrument sensor 
(S-2 MSI), which allows the analysis of a small olive 
grove situated within the urban park of Cascine 
(Firenze, Central Italy).

The paper is organized as follows: first, the study 
area and data are introduced, followed by a data pro
cessing section that describes the original RSWC esti
mation method and its adaptation to the current bi- 
layer ecosystem case. Next, the results obtained are 
presented and discussed in a final section that con
cludes with the main prospects of the study.

Study area

The study olive grove (43.7854° N, 11.2183° E) is 
located in an experimental farm managed by the 
“Istituto Tecnico Agrario” of Florence, in the Cascine 
urban park (Figure 1). This area is flat and close to the 
Arno River, at an altitude of about 45 m above sea 
level. The climate is Mediterranean, with mean annual 
rainfall of about 800 mm and mean annual tempera
ture of about 15°C; rainfall is concentrated in autumn 
and spring, while summer is generally hot and dry. 
The soil is sandy-clay-loam (i.e. 52% sand, 24% silt 
and 24% clay) and has a depth over 2 m.

The olive grove extends over about 80 × 55 m2 and 
is surrounded by small agricultural fields grown with 
grasses and annual crops (mainly vegetables), vine
yards and other tree crops. Olive trees are 5 × 5 m2 

spaced, have a height of about 4 m and variable crown 
sizes (up to 4–5 m); they are rainfed and managed 
following local habits. The inter-tree areas are mostly 
covered by spontaneous herbaceous species, which are 
irregularly tilled; grass density and coverage are gen
erally lower under the tree canopy and decrease during 
the summer dry period. At the end of March 2021, the 
olive grove was pruned with an intensity that was 
highly variable in space; the olive tree canopy reduc
tion was notable in the south-eastern part of the grove 
(up to 80%) and almost null in the north-western part, 
inducing different olive tree crown sizes.

Study data

The study data consisted of two independent sets: the 
first, collected in situ, was used to compute the refer
ence RSWC observations, while the second, estimated 
remotely, was used for RSWC prediction.

Ground data

Daily meteorological observations (i.e. minimum and 
maximum temperature, precipitation and solar radia
tion) were collected by means of a ground weather 
station placed near the olive grove. These measure
ments were taken during the whole study period, i.e. in 
2021 and 2022.

Daily SWC measurements were taken within the 
olive grove by means of a Drill and Drop Sentek probe 
(Sentek Sensor Technologies, Stepney, Australia; 
https://sentektechnologies.com/products/soil-data- 
probes/drill-drop/). The instrument was placed 
approximately in the middle of the grove, at a distance 
of about 1.5 m from one of the olive trees, and col
lected data at 0.1 and 0.3 m depth from May 2021 to 
October 2022.

Figure 1. Geographical position of the study area (Cascine, Florence, Italy) (left) and S-2 NDVI MSI image of August 2021 showing in 
black the boundary of the study olive grove (right).

2 P. BATTISTA ET AL.

https://sentektechnologies.com/products/soil-data-probes/drill-drop/
https://sentektechnologies.com/products/soil-data-probes/drill-drop/


The fraction of photosynthetically active radiation 
absorbed (fAPAR) by the olive tree canopy was measured 
by means of an AccuPAR, LP-80 Ceptometer (Decagon 
Devices, Inc., Pullman, Washington, USA; https://www. 
metergroup.com/en/meter-environment/products/accu 
par-lp-80-canopy-interception-par-leaf-area-index). The 
measurements were collected along linear transects, reg
ularly spaced (1 m), in 10 plots of 10 × 10 m2 (Figure 2); 
the first four plots were sampled twice in 2021 (at the 
beginning of the growing season and in June), while the 
other seven plots (one in common with the former 
group) were sampled once in spring 2022.

Interpolated and remotely sensed data

Gridded estimates of daily minimum and maximum air 
temperature and precipitation with a spatial resolution of 
200 m were obtained by applying the DAYMET inter
polation algorithm to the observations of adjacent 
ground stations (Thornton et al., 2000); the respective 
solar radiation estimates were derived from Meteosat 
Second Generation (MSG) images as proposed by Fibbi 
et al. (2020).

10-m spatial resolution MSI images taken from the 
Sentinel-2 A and B satellites were downloaded in a 
pre-processed L2A format from the European Space 

Agency website (https://sentinel.esa.int/web/sentinel/ 
sentinel-data-access). A maximum value composite 
(MVC) algorithm was applied to all MSI images cover
ing the study site in 2021 and 2022 in order to retrieve 
24 half-month NDVI images per year. These MVC 
images were subjected to two additional operations 
aimed at improving their quality, i.e.: 1) a spatial 
filtering which removed isolated pixels with anoma
lous NDVI values and 2) a temporal filtering based on 
an upper envelope algorithm that further reduced 
atmospheric disturbances (see Maselli et al., 2020).

In addition to the MSI imagery, four Google-Earth 
(GE; https://earth.google.com/) high-resolution RGB 
images of the study area were collected to characterise 
the CC of the olive grove during the two study years. 
These images were collected on 8th October 2020, 4th 

June 2021 (just after the pruning operation), 28th 

March 2022 and 11th May 2022 (Figure 2).

Data processing

Computation of reference RSWC for grass and 
trees

Reference daily RSWC observations were obtained 
from the available SWC measurements collected at 

Figure 2. GoogleEarth true color composites of the study olive grove taken in October 2020 (A), June 2021 (B), March 2022 (C) and 
May 2022 (D). The numbers in A indicate the position of ten ground plots in which ceptometer observations were taken; the red 
point indicates the position of the SWC probe (see text for details).
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the study site by applying the method described in 
Chiesi et al. (2018). Specifically, daily meteorological 
observations were combined with the SWC measure
ments collected at depths of 0.1 and 0.3 m to compute 
the reference RSWC of grass and trees, respectively. In 
the latter case, the RSWC calculation method had to 
be forced to consider an effective soil depth (i.e. the 
rooting depth from which plants can absorb water) of 
1 m; this was obtained by driving the bucket model, 
which computes the soil water balance using this 
depth in place of that found automatically.

Estimation of RSWC for the olive grove

The prediction of daily RSWC for the study olive 
grove was performed by processing the interpolated 
and remotely sensed data through the algorithm 
described in Gardin et al. (2021). Within this formula
tion vegetation greenness is considered to be respon
sive to the soil water conditions cumulated over a 
sufficient time period and is used to modulate the 
intensity of meteorological water deficit computed 
on the basis of precipitation and potential evapotran
spiration (PET) estimates. The method therefore pre
dicts the daily the RSWC of day i (RSWCi) by 
weighting the meteorological water effective on vege
tation and soil for the respective cover fractions as: 

RSWCi¼ FVCi 0:5þ 0:5 AWið Þþ 1 � FVCið ÞAWi

(1) 

where FVC is the fractional vegetation cover and AW 
is the WS scalar, both referred to day i. Half-month 
FVC values were derived from the NDVI averages of 
the 10 selected plots through the linear equation of 
Gutman and Ignatov (1998) and were interpolated on 
a daily time step. The daily AW was obtained from the 
described estimates of PET and precipitation (Prec) 
through: 

AWi ¼

P
Prec

P
PET

(2) 

where PET was estimated from mean air temperature 
and solar radiation using the algorithm of Jensen and 
Haise (1963), the two summations were computed 
over 45 days as proposed by Battista et al. (2016), 
and AW was bounded to 1 (no WS).

In areas with heterogeneous vegetation cover, the 
method is mainly driven by the high spatial resolution 
NDVI imagery used (Gardin et al., 2021), and there
fore currently provides RSWC estimates having 10 m 
resolution.

Estimation of RSWC for grass and trees

The prediction of RSWC for the two components of 
the olive grove, understory grass and olive trees, was 

based on the separate estimation of the meteorological 
and remotely sensed information relevant for the two 
vegetation types. Separate AW scalars were therefore 
computed over 30 and 60 days for grass and trees, 
respectively, following the logic exposed in Maselli et 
al. (2014). Next, the prediction of the half-month 
NDVI values of the two ecosystem components was 
performed by the method proposed by Maselli (2001), 
which is based on the application of linear regression 
analysis to tree canopy cover (CC) observations (inde
pendent variable) and NDVI data (dependent vari
able). The regression equation found is then 
extrapolated to 0 and 1 CC for predicting the NDVI 
of grass and trees.

The estimation of olive tree CC was performed by 
visual analysis of the plots selected in the olive grove. 
This operation was applied to all available GE images, 
and the CC estimates were then temporally interpo
lated considering slight CC increments during the two 
growing seasons examined. The CC estimates 
obtained were assessed versus the ceptometer mea
surements taken in the 10 ground plots during 2021 
and 2022. To this aim, the fAPAR averages of the 15 
collected samples were converted into respective 
values of tree CC following Chiesi et al. (2022).

The application of the regression analyses to all 
half-month NDVI images yielded relevant estimates 
for grass and trees, which were converted into the 
respective FVC values through the same linear equa
tion used above and interpolated into a daily time step. 
Equations 1-2 were then fed with these FVC values 
and with the interpolated meteorological data cumu
lated over 30 and 60 days for grass and trees, respec
tively (Maselli et al., 2014).

Accuracy assessment

In all cases, the accuracy of the estimates was assessed 
versus the ground measurements using standard sta
tistics, i.e. the coefficient of determination (r2), the 
root mean square error (RMSE) and the mean bias 
error (MBE).

Results

The annual evolution of mean air temperature and 
rainfall collected in 2021 and 2022 at the study site is 
shown in Figure 3. Mean temperature follows the 
typical pattern of a Mediterranean area, with relatively 
low values in winter and clear maxima in summer; 
during the latter season there are rainfall minima, 
leading to marked dryness. Some differences are visi
ble between the two years: 2021 was slightly cooler and 
wetter than 2022, especially during spring and early 
summer. From May to August, the mean air tempera
ture was 25.4°C and 27.1°C in 2021 and 2022, respec
tively, while rainfall was almost null from late spring to 
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mid-summer 2022 (from 1st May to August 15th only 
11.8 mm versus 40 mm in 2021). The weather esti
mates obtained by interpolating independent weather 
datasets faithfully reproduce these measurements; the 
determination coefficient is higher than 0.89 both for 
air temperature and rainfall and the MBEs are lower 
than 0.1°C and −0.2 mm, respectively.

The RSWC evolutions observed during the study 
period (May 2021 – October 2022) are shown in 
Figure 4. Evident drops were recorded during the 
summer period due to water shortage, which, as pre
viously noted, is longer and more intense in 2022. The 
RSWC drops of grass are generally more marked and 
irregular than those of trees; the RSWC of grass falls 
down to about 0.15 in 2021 and 0.10 in 2022; the 
RSWC difference between the 2 years is higher for 
the olive trees, with summer minima reaching about 
0.6 and 0.4 in 2021 and 2022, respectively.

The olive tree CC estimates obtained by visual inter
pretation of the available GE images are moderately in 
accordance with the measurements obtained by means 
of the ceptometer. The scatter plot of Figure 5 shows 

that the former reproduce the ground observations 
quite correctly, inducing only a marginal underestima
tion (r2 = 0.536, RMSE = 0.103 and MBE = −0.018).

The regression analyses performed between these CC 
estimates and the half-month NDVI data allow the pre
diction of separate multitemporal NDVI and FVC values 
for grass and trees; the latter are shown in Figure 6 
together with the average values for the entire olive 
grove. These last estimates show the typical seasonal 
trend of Mediterranean ecosystems, with clear FVC max
ima in winter-spring followed by a summer minimum 
consequent on water limitation. These seasonal FVC 
variations are almost exclusively attributable to the 
grass component of the olive grove, which is strongly 
responsive to summer dryness; the FVC of olive trees is 
instead constantly high during 2021 and only slightly 
decreases in summer 2022.

The composition of the AW and FVC estimates 
through equation 1 yields the RSWC estimates 
shown in Figure 7 for the entire olive grove, 
grass and trees. The accuracy statistics descriptive 
of the comparisons between these estimates and 

Figure 3. Daily mean air temperature and rainfall collected at the study area by the ground weather station during 2021 and 2022.

Figure 4. Daily reference RSWC derived from the available in situ measurements for grass and olive trees during 2021 and 2022.
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the measurements of Figure 4 are reported in 
Table 1. The estimates referred to the two ecosys
tem components reproduce the ground observa
tions faithfully. In particular, the errors obtained 
after separating the FVC contributions of trees 
and grass are markedly reduced for both compo
nents: with respect to the reference RSWC 
descriptive of the 1 m layer the best statistics are 
obtained for the tree estimates (Table 1A), while 
with respect to the RSWC of the shallower layer 

the lowest errors are obtained for the grass esti
mates (Table 1B).

Discussion and conclusions

Olive tree is a drought-tolerant species that has an adapt
ing strategy based on both the avoidance of WS emer
gence and the capability to tolerate drought (Villalobos et 
al., 2012). The mechanisms at the basis of this strategy are 
related to leaf morphological characteristics, the efficient 

Figure 5. Olive tree CC estimated (visually) versus observed (by ceptometer) with 1:1 dotted line: 8 points (4 per image) are from 
2021 and 7 from 2022 (see text for details) (** = highly significant correlation, P < 0.01).

Figure 6. Daily FVC estimated from S-2 MSI NDVI data for the olive grove, grass and olive trees during 2021 and 2022.Daily RSWC 
estimated by equation 1 for the olive grove, grass and olive trees during 2021 and 2022..
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function of water transport via xylem and the regulation 
of transpiration through the effective control of stomata 
apparatus (Brito et al., 2019). Extreme WS conditions, 
however, can also negatively affect this kind of trees and 
have a high impact on all ecophysiological processes, 
especially in view of the ongoing climate change (Brilli 
et al., 2016; Maselli et al., 2012).

This situation enhances the importance of correctly 
monitoring the impact of WS on olive tree conditions 
and functions, which can be theoretically carried out by 
the use of remotely sensed data. Such use, however, is 
complicated by the bilayer nature of olive groves, within 
which the tree and grass components are differently 
responsive to water shortage. The different behaviours 
are mostly caused by the diversified ecological strategies 
adopted by the two vegetation types and specifically by 
their different rooting depths, which induce different 
accesses to water resources. While, in fact, grass roots 
are usually confined to more superficial soil layers that 
are rapidly depleted during WS periods, the greater 
depths reached by tree roots allow the access to larger 
water reserves (Schenk & Jackson, 2002).

This expectation is supported by the RSWC 
observations currently collected in situ, which 
were obtained by normalizing the available SWC 

measurements through a procedure fully described 
in Chiesi et al. (2018). The RSWC that affects the 
olive trees responds more slowly and with lower 
intensity to summer water shortages with respect 
to the RSWC impacting understorey grass. These 
findings are confirmed by the first sap flow obser
vations that are being collected from some selected 
trees in the olive grove starting from June 2022 
(data not shown).

Remote sensing estimation of WS impact on olive 
trees must address this issue, which is the subject of 
the current research. In particular, the investigation 
was aimed at adapting a previously presented semi- 
empirical method for RSWC prediction whose main 
properties are fully discussed in Gardin et al. (2021), 
together with relevant limitations. The method com
bines meteorological descriptors of WS with estimates 
of green FVC derived from NDVI data and is intrin
sically suitable to assess the response of existing vege
tation to water shortage, i.e. the RSWC effect on the 
respective rooting depth. This property allows a profi
cient adaptation of the method to the present case 
once the meteorological and NDVI contributions rela
tive to the two plant types coexisting in the olive grove 
are properly estimated.

Figure 7. Daily RSWC estimated by equation 1 for the olive grove, grass and trees during 2021 and 2022.

Table 1. Summary statistics obtained by comparing the daily RSWC estimates to the respective 
reference observations for trees (i.e. 1 m rooting depth, A) and grass (i.e. 0.2 m rooting depth, 
B) (** = highly significant correlation, P < 0.01).

A

Olive grove Trees Grass

r2 0.752** 0.795** 0.729**
RMSE 0.200 0.150 0.269
MBE −0.128 −0.086 −0.181

B

Olive grove Trees Grass

r2 0.812** 0.847** 0.789**
RMSE 0.257 0.288 0.236
MBE 0.148 0.190 0.096

EUROPEAN JOURNAL OF REMOTE SENSING 7



The estimation of meteorological WS scalars for 
different biome types is straightforward when, as in 
the current case, spatially extended weather datasets 
are available. Previous studies have, in fact, demon
strated that the impact of meteorology on different 
vegetation types can be approximated by using differ
ent accumulation times in the calculation of WS con
ditions (Maselli et al., 2014).

The estimation of FVC values, referred uniquely to 
the two ecosystem components, is instead a more 
critical issue (Xiao & Moody, 2005). The use of S-2 
MSI NDVI data, in fact, has been recently confirmed 
to fit the need for detecting the FVC of olive groves 
(Kamenova & Dimitrov, 2021), but the production of 
separate NDVI estimates for understory grass and 
olive trees is more problematic. As reported also by 
Burchard Levine et al. (2021), the 10-m spatial resolu
tion pixels are not sufficient to properly separate these 
two contributions, which requires the determination 
of the respective CC.

This issue has been currently addressed by applying 
a procedure based on the linear regression of olive 
grove NDVI values versus tree CC estimates. The 
latter have been obtained by photointerpretation of 
commonly available GE images, which allows a cost- 
effective operational application of the method. 
However, the accuracy yielded by this operation is 
variable depending on the quality of the images as 
well as on the ability of the photo-interpreters. In the 
case of olive groves, these issues are exacerbated by the 
irregular shapes of the tree canopies, which may be 
consequent on the different pruning intensities 
applied. The use of a single high spatial resolution 
image per season can therefore suffice for estimating 
the olive tree CC when no external disturbance is 
applied, but it is insufficient in the case of pruning 
(as observed for 2021). Thus, the number of needed 
GE images is mainly dependent on the natural or 
human induced disturbances that determine temporal 
CC variations.

The relatively good quality of the CC estimates 
currently obtained was demonstrated by comparison 
with multitemporal ceptometer measurements of 
fAPAR, which are, however, rarely available. 
Alternative methods to yield olive tree CC estimates 
can be represented by the automatic processing of 
the same optical imagery or of airborne high spatial 
resolution LiDAR datasets (Maselli et al., 2012). The 
latter are actually more informative on tree CC 
values but are also more expensive to acquire and 
therefore taken less frequently, which would create 
problems when facing the mentioned cases of olive 
groves showing temporal variations of tree CC. In 
the case of relatively stable olive groves, the avail
ability of spatially extended CC estimates would also 
allow us to predict the NDVI/FVC spatial variability 
of both vegetation layers through a technique based 

on geographically weighted regression analyses 
(Maselli, 2001).

The possibly inaccurate estimation of olive tree CC 
is obviously influent on the multitemporal NDVI/FVC 
values obtained by linear regression analyses. While a 
direct assessment of these estimates was not currently 
possible, the FVC values found are generally plausible 
for both understorey grass and olive trees. The former, 
in fact, are usually lower and more variable than those 
of the evergreen trees during the Mediterranean grow
ing season (March–October). In particular, the FVC of 
grass is more readily sensitive to WS, as was clearly 
apparent from ground surveys conducted in the olive 
grove during July–August 2021 and 2022.

The efficiency of the methodology applied to sepa
rately analyse the water available for the two olive 
grove components is also indirectly supported by the 
final assessment of the RSWC estimates versus the 
available ground observations. RSWC is, in fact, cor
rectly predicted for the different soil layers explored by 
both grass and trees. In the former case, the RSWC 
estimates reproduce the higher temporal variability as 
well as the lower summer levels of the grass observa
tions, which are due to the thinner layer explored. As 
fully discussed in Gardin et al. (2021), these properties 
derive from the more temporally variable AW and 
lower FVC values, which are combined to yield the 
grass RSWC estimates. Correspondingly, the RSWC 
estimates of olive trees well reproduce the main fea
tures of the respective observations both in intensity 
and timing, which is a fundamental prerequisite for 
the correct prediction of the main olive functions and 
processes, and particularly olive fruit yield.

A logical extension of the current study could 
therefore be aimed at investigating the possible inte
gration of the obtained RSWC estimates within mod
elling frameworks, which simulate these functions and 
processes. Process-based models, in fact, usually simu
late water balance by considering the SWC distribu
tion at different soil depths, which allows to account 
for the water availability and uptake in a multi-layer 
ecosystem (Moriondo et al., 2019). The competition 
for water uptake, due to the aboveground vegetation 
cover (olive tree and grass), is therefore an important 
factor that should be considered during the simulation 
of olive tree growth and fruit yield (Pardini et al.,  
2002). Water availability and uptake, however, may 
vary spatially in olive groves because of multiple envir
onmental factors (e.g. terrain and soil characteristics, 
understorey cover, etc.). If no integration with remote 
sensing data is performed, crop growth models are 
rarely able to reproduce the within-field SWC varia
bility. This situation prevents accounting for the influ
ences of WS on plant growth and productivity under 
different SWC conditions, thus eventually limiting the 
estimation accuracy of models at sub-field scale 
(Leolini, Bregaglio, et al., 2022).
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Satellite data assimilation with detailed spatial and 
temporal resolutions can therefore reduce the uncer
tainty of the simulation during the growing season by 
improving vegetation monitoring (Leolini, Bregaglio, 
et al., 2022,b). More specifically, the currently pro
posed formulation of RSWC with NDVI-derived 
FVC can be useful to account for the spatial variability 
of soil water deficit and plant WS effects. Within this 
field of investigation, the use of different vegetation 
indices could also be considered with the purpose of 
improving RSWC prediction (Leolini, Moriondo, et 
al., 2022).
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