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Abstract
Thermal remote sensing indicators of crop water status can help to optimize irrigation across time and space. The Crop 
Water Stress Index (CWSI), calculated from thermal data, has been widely used in irrigation management as it has a proven 
association with evapotranspiration ratios. However, different approaches can be used to calculate the CWSI. The aim of this 
study is to identify the most robust method for estimating the CWSI in a commercial Merlot vineyard using high-resolution 
thermal imaging from Unoccupied Aerial Systems (UAS). To that end, three different methods were used to estimate the 
CWSI: Jackson’s model (CWSIj), Wet Artificial Reference Surface (WARS) method (CWSIw), and the Bellvert approach 
(CWSIb). A simpler indicator calculated as the difference between canopy and air temperature (Tc–Ta) was the benchmark 
to beat. The water status of a vine cultivar with anisohydric behavior (Merlot) in a vineyard in central Spain was assessed 
for two years with different agroclimatic conditions. Canopy temperature (Tc) was obtained from UAS flights at 9:00 h and 
12:00 h solar hour over eight days during the irrigation period (June–August), and from vines under five different irrigation 
treatments. Stem water potential (SWP), stomatal conductance (gs), and leaf temperature (TL) were recorded at the time of 
the flights and compared with the thermal indices (CWSIj, CWSIw, CWSIb) and the benchmark indicator (Tc–Ta). Results 
show that the simpler indicator of water stress, Tc–Ta, performed better at identifying varying levels of crop hydration than 
CWSIb or CWSIw at 12:00 h. Under conditions of extreme aridity, the latter indices were less accurate than the physically-
based CWSIj at 12:00 h, which had the highest correlation with SWP (r = 0.84), followed by the benchmark index Tc–Ta 
(r = 0.70 at 12:00). Considering the current climatic trends towards aridification, the CWSIj emerges as a useful operational 
tool, with robust performance across days and times of day. These results are important for irrigation management and could 
contribute to improving water use efficiency in agriculture.
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Introduction

Given the ever-worsening impacts of climate change, the 
rational use of water resources is critical. However, this 
requires effective water management and decision-making 
under conditions of high uncertainty (FAO 2020). The situ-
ation is particularly acute in climate change hotspots, such 
as the semiarid central region of Spain, La Mancha, where 
irrigation accounts for around 80% of the consumptive use 
of water, leading to groundwater overexploitation (Closas 
et al. 2017).

Grapevines (Vitis vinifera L.) are one of Spain’s key 
crops, and the third most important woody crop after 
olives and non-citrus fruit trees (Ministerio de Agricultura 
2021). The surface area in Spain dedicated to grapevines 
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for winemaking amounts to almost 1 million hectares (ha), 
with 30% of this area under irrigation.

In semiarid regions, vines are frequently exposed to 
drought stress (Costa et al. 2016; Van Leeuwen et al. 2018), 
impacting vegetative and reproductive growth, fruit com-
position, and wine quality (Van Leeuwen et al. 2018). The 
amount and timing of irrigation play a crucial role in achiev-
ing high yields and good quality fruit (Intrigliolo and Cas-
tel 2010). While mild or moderate water deficits generally 
enhance berry sugar and phenolic compound accumulation, 
severe water stress may significantly reduce berry quality 
(sugar, aroma) and grape yields (Leeuwen et al. 2009; Van 
Leeuwen et al. 2018). There is thus a need for effective irri-
gation planning based on adaptive management over time 
and space, with water allocation across sub-zones tailored 
to the specific water status of the vines.

Physiological parameters such as stem water potential 
(SWP) measured with pressure chambers (Scholander et al. 
1965) or stomatal conductance (gs) measured with leaf dif-
fusion porometers have been used to assess the water status 
of various crops (Hsiao 1990; Shackel et al. 1997). However, 
these methods are too time-consuming to allow for com-
prehensive field characterization. Hence, there is growing 
demand for new cost-effective technologies to assess spatial 
and temporal variability in the water status of vines (Fuentes 
et al. 2013; Romero et al. 2018).

Infrared thermography is widely used to monitor plant 
water status (Gates 1964; Jackson et al. 1977; Jones 1999, 
2002; Jones et  al. 2009) and plan irrigation scheduling 
(Jones 2004; Cohen et al. 2005, 2017; Meron et al. 2010). 
When transpiration decreases due to stomatal closure, leaf 
temperature increases with the decline in the evaporative 
cooling in the leaf. Therefore, thermal imagery is particu-
larly suitable for monitoring the ratio of actual evapotranspi-
ration (ET) to potential evapotranspiration (ETp), with the 
ratio ET/ETp often used as an indicator of crop water stress 
(Jackson et al. 1981; Gonzalez-Dugo et al. 2014; Nieto et al. 
2022). A subsequent non-trivial step is relating the evapo-
transpiration ratio to changes in SWP or leaf water potential 
(LWP) (Möller et al. 2007; Berni et al. 2009; Bellvert et al. 
2016) or canopy conductance (Gutiérrez et al. 2021).

Recently, thermal imaging has become more accessible 
to users at sub-meter resolutions, making it compatible with 
farm-scale applications using different platforms such as air-
craft, balloons, mobile platforms, and Unoccupied Aerial 
Systems (UAS) (Berni et al. 2009; Wang et al. 2019). The 
use of UAS is of particular interest due to their potential as 
a tool for agricultural surveillance. UAS could complement 
satellite and aircraft imaging, and help overcome their short-
comings. For example, they could provide high-resolution 
near real-time imaging, with fewer challenges relating to 
fuel or piloting issues, enabling enhanced surveillance and 
improvements in decision-making (Rejeb et al. 2022).

The crop water stress index (CWSI) is one of the more 
popular indices for quantifying water stress using thermal 
remote sensing (Jackson et al. 1981; Berni et al. 2009). It 
has been identified as a good crop water status indicator 
and proposed as a possible substitute for SWP (Bellvert 
et al. 2020). CWSI can be calculated with a simple scal-
ing operation, where the observed canopy temperature, Tc, 
is normalized by the Tc of a fully transpiring crop (Twet) 
and the Tc of a crop that is not transpiring at all (Tdry). 
However, it is a challenge to correctly estimate Twet and 
Tdry, and both theoretical (Jackson et al. 1981) and empiri-
cal approaches have been proposed for their estimation (Idso 
1982). In the theoretical approach, Twet and Tdry are evalu-
ated from a physically-based model such as Penman–Mon-
teith and mass-transfer equations for the turbulent fluxes. 
This estimation requires micrometeorological information 
that is not always easy to obtain at a local level, such as wind 
speed, global radiation, or aerodynamic and stomatal resist-
ances (Jackson et al. 1981). While there are other empirical 
approaches that may be simpler, they tend to be crop- and 
site-specific. Idso (1982) related the canopy–air tempera-
ture difference (Tc–Ta) of a canopy transpiring at a potential 
rate to the vapor pressure deficit (VPD). Other alternatives 
involve creating direct observations of Twet, e.g. by spray-
ing leaves with soapy water on both sides to maintain their 
moisture or using a polystyrene float covered in wet fabric 
(Meron et al. 2003). To estimate Tdry, leaves can be covered 
with Vaseline on both sides to prevent transpiration (Jones 
2002), or a rough approach involves adding 5 °C to the dry 
bulb temperature (Irmak et al. 2000). To develop operational 
information systems on crop water status, it is critical to 
find robust approaches that can be used to estimate Twet 
and Tdry over time and under various soil water conditions, 
avoiding in situ field measurements as much as possible.

The relationship between thermal indices and LWP or 
SWP presents another challenge. These parameters have 
long been used as the agronomic indicators of plant water 
status (Naor 2000; Choné et al. 2001; Girona et al. 2006). 
The CWSI has been empirically related to both of these, 
mostly on a day-to-day basis (Möller et al. 2007; Whea-
ton et al. 2011; Bellvert et al. 2014) as a strong depend-
ency on the day and time of day is observed (Bellvert et al. 
2014, 2015; Santesteban et al. 2017). It is not entirely clear 
whether the SWP-CWSI relationship holds across different 
multitemporal scenarios and plant water use strategies along 
the isohydricity continuum (Pou et al. 2012).

The aim of this study is to evaluate the potential of the 
CWSI, calculated using information from a thermal cam-
era on board a UAS, to estimate grapevine water status at 
solar noon (12:00 h) and morning (9:00 h) in a commercial 
Merlot vineyard with predominantly anisohydric behavior 
(Williams and Baeza 2007). A key contribution of this study 
is that it provides evidence of the most readily operational 
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way to calculate a water stress indicator (CWSI) that can be 
used to estimate SWP.

As part of this analysis, we evaluated three methods for 
calculating the CWSI and establishing its robustness for esti-
mating SWP and gs across different times of day. We chose 
Tc–Ta as the benchmark to beat. The three methods under 
evaluation are: the original method based on theoretical 
energy balance and the Penman–Monteith equation (Jack-
son et al. 1981; Berni et al. 2009); a method using artificial 
references (Möller et al. 2007); and the empirical method 
proposed by Idso et al. (1982) and adapted for different 
grapevine varieties by Bellvert et al. (2015).

Materials and methods

Site and vineyard description

The commercial vineyards are located in Yepes, Toledo 
(Spain) at 39°56′25.8" N 3°43′22.4" W (WGS84, UTM zone 
30N), at an altitude of 570 m above sea level (masl) and 
covering an area of around 40 ha.

Twenty-year-old Merlot grapevines (Vitis vinifera L.) 
grafted on SO4 (Selection Oppenheim 4) rootstock are 
grown in the selected area. Vine rows are oriented north-
east and arranged on a trellis with a plantation frame 
of 2.60 × 1.10  m. The study was conducted during the 
2021–2022 irrigation seasons.

The site has a Mediterranean climate, with warm, dry 
summers and mild winters. The average daily temperature is 
15.3 °C, average rainfall is low (338.4 mm) and evaporative 
demand is high (1350 mm).

Climatic and irrigation conditions

Daily shortwave radiation, Rs (MJm−2), air temperature 
(°C), wind speed (ms−1), rainfall (mm), and reference 
evapotranspiration, ETo (mm) data were obtained from a 
meteorological station in Magán, Toledo (Toledo: 505 masl, 
Latitude: 40° 2′ 5.81″N Longitude: 3° 20′ 3.49″W), located 
13 km from the experimental zone.

The meteorological conditions are presented in Fig. 1. 
Annual rainfall was similar in 2021 and 2022, registering 
a value of 349 and 348 mm, respectively. Rainfall between 
January and May was 167 mm in 2021 and 173 mm in 2022. 
The corresponding values during the experimental period 
(June–August) were 36 mm in 2021 and 2 mm in 2022. 
Differences in annual ETo were observed, with values of 
1284 mm in 2021 and 1395 mm in 2022. The ETo from Jan-
uary to May was 416 mm in 2021 and 804 mm in 2022. The 
conditions were highly evaporative during the experimental 
period (June–August) with high cumulative ETo (390 and 
441 mm in 2021 and 2022, respectively). In short, 2022 was 
drier than 2021, resulting in a higher evaporative demand.

Regarding temperature, August was the hottest month in 
2021 (Tmean 27.5 °C), and July was the hottest in 2022 
(Tmean 29.8 °C).

Irrigation was applied from May 17 to August 27, 2021, 
and from June 23 to September 01, 2022. The irrigation 
treatments are described in Table 1. The number of drippers 
was adjusted for each treatment to achieve different irriga-
tion doses, from T100, T50, T25 and T0 refer to different 
doses of surface irrigation: T100 (reference treatment), T50 
(50% of reference treatment), T25 (25% of reference treat-
ment), and T0 (rainfed). T25-S, refers to subsurface irri-
gation (25% of reference treatment). The drippers had an 

Fig. 1   Monthly rainfall 
(Rainfall), reference evapotran-
spiration (ETo), and minimum 
(Tmin), average (Tmean) and 
maximum (Tmax) tempera-
tures from October 2020 to 
September 2022. The data were 
recorded by the weather station 
located in Magán (Toledo, 
Spain) (adapted from Atencia 
Payares et al. 2023)
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application rate of 2 l h−1. A 40% reduction in irrigation 
occurred in the second year due to farm-level management 
of drought conditions. This was in response to an increase 
in the costs, bearing in mind that it is a commercial farm.

During the 2021 irrigation season, there were a total of 
154 h of watering, distributed in daily 3 h sessions. In 2022, 
there were 93 h of watering, distributed in daily 2 h ses-
sions. The irrigation was scheduled from Monday to Friday 
in both years.

Field data collection

For this study, we obtained meteorological information 
from a portable weather station. This information included 
measurements of air temperature within the canopy (Ta), and 
relative humidity, RH (%) to calculate vapor pressure deficit 
(VPD). In addition, the portable weather station recorded 
temperature information from a wet artificial reference 
surface (WARS) between the hours of 9:00 h and 12:00 h 
(solar time). The WARS consisted of a wet, non-woven 
fabric covering a polystyrene float. The float was placed in 
a 0.28 × 0.3 m water-filled plastic box, and the fabric was 
kept constantly wet. The thermocouple air temperature and 

relative humidity sensor were connected to a data logger. 
Average values were recorded every minute.

SWP (MPa) was assessed on healthy mature leaves in the 
shade and enclosed for 1 h in aluminum foil bags to reach 
the water status equilibrium between leaf and stem. SWP 
was measured using a Scholander pressure chamber (Soil 
Moisture Equipment Corp., Santa Barbara, CA, USA). The 
leaf stomatal conductance (mmol m−2 s−1) was measured 
with a portable gas exchange system CIRAS2 (PP Systems, 
Hitchin, Hertfordshire, UK). We refer to the leaf stomatal 
conductance measured this way as gs.

SWP and gs were measured on six vines per irrigation 
treatment. Measurements were all conducted simultaneously 
with the UAS image acquisition.

UAS image acquisition and processing

Eight UAS flight campaigns were carried out at the vineyard 
site during different weather conditions in 2021 and 2022 at 
9:00 h and 12:00 h (Table 2). The UAS surveys were con-
ducted at 120 m above ground level.

The eBee SenseFly fixed-wing UAS platform, equipped 
with a Duet-T sensor (AgEagle Aerial Systems Inc. Wichita, 
Kansas), was used to collect thermal data. The thermal sen-
sor included a high-resolution thermal infrared camera and 
a senseFly SODA RGB camera.

Data from the multispectral camera (Parrot Sequoia) were 
used to obtain the normalized difference vegetation index 
(NDVI) and subsequently calculate the simple ratio vegeta-
tion index (see Annex II).

The experimental vines were identified in the image 
using QGIS 3.4 software (QGIS, Free Software Foundation, 
Boston, MA, USA), following a similar protocol to the one 
described in Atencia Payares et al. (2023). Each canopy vine 
was demarcated, and 30 regions of interest (one per plant) of 
0.30 × 0.30 m were extracted, avoiding pixels with shadows 
and soil. A total of five pixels per vine were obtained with 
the thermal camera. The very high spatial resolution made 

Table 1   Description of the five irrigation treatments

T100 (reference treatment), T50 (50% of reference treatment), T25 
(25% of reference treatment), T0 (rainfed) and T25-S (25% of refer-
ence treatment applied subsurface). Treatments applied over the two 
years of the study in the experimental vineyard (Toledo, Spain)

Treatment N° drip-
pers/plant

System Doses 2021 
(mm/year)

Doses 
2022 (mm/
year)

T100 4 Surface 428.0 258.7
T50 2 Surface 214.0 129.4
T25 1 Surface 107.0 64.7
T25-S 1 Subsurface 107.0 64.7
T0 none Surface rainfed rainfed

Table 2   Information on 
multispectral and thermal 
sensors

G green, R red, Redge red edge, NIR near-infrared, SR spatial resolution, NDVI normalized difference veg-
etation index, Tc canopy temperature and the dates they were used

Dates Camera Acquisi-
tion time 
(h)

Spectrum
(nm)

SR (m/pixel) Overlap Purpose

June 25 2021
July 05 2021
July 20 2021
July 30 2021
June 30 2022
July 15 2022
August 05 2022
August 12 2022

Parrot Sequoia 
Multispectral

9:00
12:00

G (530–570)
R (640–680)
Redge (730–740)
NIR (770–810)

0.14 70% NDVI

Duet-T 9:00
12:00

Thermal infrared 
(FLIR) 700-
1200nm

0.16 80% Tc
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it possible to distinguish between leaves and soil and the 
selected pixels that contained sunlit leaves.

Temperature correction

Thermal imagery radiometric and atmospheric corrections 
were processed as indicated in Annex I. For the post-pro-
cessing of the radiometric temperature data, we followed the 
methodology proposed Wang et al. (2019), obtaining land 
surface temperature by removing atmospheric effects using 
a single-channel atmospheric correction.

At-sensor radiometric temperature (Ts) was converted to 
surface temperature (Tc) through atmospheric and emissiv-
ity corrections.

Once the images had been radiometrically corrected, we 
extracted Tc from the pixels of the vines where SWP was 
measured. We manually selected the pixels in each vine to 
ensure that only pure crown vegetative pixels were taken. 
This information was taken each day of the UAS flight 
campaign.

Crop water stress index

Three different method were used to determine the Twet and 
Tdry from the CWSI.

Bellvert method

The empirical approach to estimate the wet and dry base-
lines proposed by Idso (1982) was adapted by Bellvert et al. 
(2015) for grapevines based on phenological state and vari-
ety. The lower and upper baselines (Tdry and Twet) are esti-
mated as a function of VPD.

Based on Bellvert et al. (2015), we considered the Tdry 
or upper limit and Twet or lower limit from the Tempranillo 
cultivar, which shows similar anisohydric behavior to the 
Merlot cultivar (Williams and Baeza 2007). We selected the 
equations from Stage II-III, where Stage II is from fruit-set 
to veraison; and Stage III is from veraison to harvest.

where (Tc–Ta) is in °C, and VPD is in KPa.

Jackson’s energy balance method

Analytical approaches seek to address uncertainties aris-
ing from dry and wet conditions by integrating surface 
energy balance fluxes such as net radiation ( Rn ), sensible 

(1)Twet = Tc − Ta = −1.780VPD + 1.253

(2)Tdry = Tc − Ta = 0.446VPD + 5.317

heat ( H ), and latent heat ( �E ). The baselines are estimated 
using the energy balance and Penman–Monteith equations. 
For our study, we used an updated version of the meth-
odology presented by Jackson et al. (1981, 1982), which 
considered VPD, wind speed, differences in net radiation, 
and crop resistances. This approach does not require ref-
erence surfaces and relies on physical models to estimate 
all input variables of the energy balance and mass-transfer 
equations.

The surface energy balance equation is:

where Rn is the net radiation (W m−2), G is the heat flux 
below the canopy (W m−2), H is the sensible heat flux (W 
m−2) from the canopy to the air, and �E is the latent heat 
flux to the air (W m−2), with � being the heat of vaporization 
(Jackson et al. 1981) A starting assumption of the model 
is that pure vegetation Tc can be retrieved from thermal 
imagery if the spatial resolution allows pure crown pixels 
to be distinguished from sunlit and shadowed soil pixels.

In our study, we selected only pixels of vegetation, 
therefore G is likely to be negligible. The fact that the res-
olution of Tc is very high means this issue is less impor-
tant than when bare soil is present in the estimates, as the 
energy stored in the foliage can be considered negligible 
(Schymanski et al. 2013).

Assuming that the energy stored in the foliage and the 
energy used in the photosynthetic processes are negligible 
(Berni et al. 2009), the energy balance in the canopy foli-
age is written as:

where Rn is the net radiation (Wm−2), Hc is the sensible 
heat flux into the air (Wm−2), and �Ec is the latent heat flux 
(Wm−2). The subscript c denotes that only the canopy energy 
fluxes are considered.

The terms Hc and �Ec can be expressed as:

where � is the air density (kg m−3); Cp is the specific heat of 
the air (J kg−1 °C); Tc and Ta are, respectively, the tempera-
ture of the canopy (°C) and of the air (°C); ra is the aerody-
namic resistance (s m−1); e∗

c
 is the saturated vapor pressure 

(Pa) at the canopy temperature;ea is the actual vapor pressure 
of the air (Pa); γ the psychrometric constant (Pa °C−1); and rc 
is the canopy resistance to vapor transport (s m−1).

(3)Rn − G = H + �E

(4)Rn = Hc + �Ec

(5)Hc = �Cp

(Tc − Ta)

ra

(6)�Ec =
�Cp(e

∗
c
− ea)

λ(ra + rc)
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Combining Eqs. (4), (5) and (6) rc (sm−1) is calculated 
as:

To solve this equation, Ta andea can be retrieved from a 
portable weather station, whereas �Cp and γ are calculated 
from Ta and atmospheric pressure. Tc can be measured using 
thermal imagery acquired from thermal infrared sensors.

Following Moyano et al. (2018), Rn (Wm−2) has to be 
modeled to obtain the Rn-daily (see Annex II).

The following equation was used to calculate ra:

where U is the wind speed (ms−1) (Allen et al., 1994), and 
SH and k are, respectively, the sensor reference height (2 m 
above the canopy) and the Von Karman constant (0.4). 
Z*0.67, Z*0.123 and Z*0.0123 are the zero displacement 
height (m), the roughness length momentum (m) and the 
roughness length for sensible heat exchange (m), respec-
tively (Maes and Steppe 2012).

An analytical solution for the CWSI can be obtained 
once rc and the potential canopy resistance for a non-water 
stressed crop ( rcp ) are known (Jackson 1982).

where Δ is the slope of the saturation vapor pressure vs 
temperature regression and:

rcp estimates have been published for many crops and can be 
estimated on the basis of stomatal conductance values (Bota 
et al. 2016; Toro et al. 2019). For our study, we obtained 
an empirical value from a portable gas exchange system, 
CIRAS-2 (PP Systems, Hitchin, Hertfordshire, UK). To esti-
mate the parameter, we used the mean maximum gs found 
for the full irrigation treatment as an estimate of the potential 
resistance, which falls within the range of values reported in 
previous studies on vineyards.

Wet artificial reference surface (WARS) method

This method for estimating baselines involves the use of 
natural (Clawson et al. 1989; Leinonen and Jones 2004) or 
artificial (Meron et al. 2003) wet and dry reference surfaces. 
Examples have been reported for Merlot (Möller et al. 2007) 
and Cabernet Sauvignon (Wheaton et al. 2011).

(7)rc =
ra
(

e∗
c
− ea

)

γ
(

raRn

�Cp

−
(

TC − Ta

)

) − ra

(8)ra =
ln(

SH−Z∗0.67

Z∗0.123
) ∗ ln

SH−Z∗0.67

Z∗0.0123

k2 ∗ U

(9)CWSI = 1 −
ET

ETp

=
γ
(

1 +
rc

ra

)

− γ ∗

Δ + γ(1 +
rc

ra
)

(10)γ ∗= γ(1 + rcp∕ra)

This method is the simplest for calculating the CWSI but 
requires in situ measurements.

In our study, to estimate Twet, we used polystyrene foam 
as a permanently wet surface of reproducible physical prop-
erties, as detailed by Cohen et al. (2005). Tdry was estimated 
by adding 5°C to the measured dry bulb temperature (Irmak 
et al. 2000).

The CWSI was calculated (Jones and Corlett 1992) as 
follows:

where Tc is the actual canopy temperature obtained from 
the thermal image, and Twet was taken as the average tem-
perature of the WARS.

Indicators estimated for model validation

To compare the robustness of the different indices, we 
have included estimated three parameters: gsmodel(TL), 
gsmodel(Tc), and CWSIj(TL). The first two refers to con-
ductance (gs) estimated using the Jackson model with leaf 
temperature (TL) and canopy temperature (Tc), respec-
tively. CWSIj(TL) is calculated using TL values instead of 
Tc values.

An analysis of variance (ANOVA) was applied to the 
different variables using Infostat version 1.5 (National 
University, Córdoba, Argentina). The means were sepa-
rated using the LSD-test (< 0.05) for statistical differences. 
Spearman test was applied to assess the relationship between 
stem water potential (SWP) and thermal indices, moreover, 
Spearman correlation matrix were calculated to assess the 
relationship between mean physiological and thermal-based 
remote sensing indices, using free R studio statistical soft-
ware (RStudio Inc. Boston, Massachusetts, United States).

Results

Weather conditions within the canopy

Table 3 shows the differences in Ta, RH, and VPD within the 
canopy between the two times of day at which the measure-
ments and image were obtained.

As expected, Ta was lower at 9:00 h than at 12:00 h, RH 
decreased over the course of the day to 12:00 h, and VPD 
was higher at 12:00 h than at 9:00 h. If we compare the aver-
age of these dates in 2021 and 2022 for all the variables, Ta 
increased from 30.4 at 9:00 h to 35 °C at 12:00 h in 2021 and 
from 31.1 to 36.7 °C in 2022. Therefore, the temperature was 
1 °C higher at 9:00 h and 12:00 h in 2022 than at the same 
times in 2021. RH was 39% lower at 9:00 and 22% lower at 

(11)CWSI =
Tcanopy − Twet

Tdry − Twet
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12:00 in 2022 compared to 2021. Concerning VPD, higher 
differences between the years were found at 12:00 h than 
at 9:00 h. In both years, VPD was around 3 kPa at 9:00 h.

However, we obtain more information if we quantify the 
differences on each date in each year. The first three dates in 
2021 show a positive trend in Ta, with the increases between 
9:00 h to 12:00 h going from + 4.5 °C to + 6.7 °C, whereas 
on the last date (July 30, 2021) the increase was just + 2.1 °C. 
This relatively smaller increase is due to the fact that the 
temperature was already high in the morning on that date. 
On the contrary, in 2022, the first date shows an increase in 
Ta of only + 2.1 °C, with increases of around + 6.5 °C on the 
rest of the dates. These values reflect the fact that the 2022 
season began with high temperatures in the morning.

RH shows a clear decrease from one year to the next. At 
9:00 h, it was 39% lower in 2022 than at the same time in 
2021, and at 12:00 h, it was 22% lower in 2022 than in 2021.

The differences in VPD in 2021 show the same pat-
tern as those in Ta and RH. In the case of 2022, the mid-
dle dates show a VPD difference of + 2.4 kPa, with the first 
and last dates registering differences of + 0.6 and + 1.9 kPa, 
respectively.

Effect of irrigation treatment on physiological 
parameters

The SWP values ranged from − 0.43 MPa for T100 (9:00, 
July 5 2021) to − 1.80 MPa for T0 (12:00, August 12 2022), 
with a marked reduction in SWP values in all treatments in 
the drier year (2022) compared to the previous year (2021), 
especially at 9:00 h. For instance, the T100 average values 

in 2022 were 106% lower than in 2021 at 9:00 h, and 73% 
lower at 12:00 h.

SWP was lower at 12:00  h (Fig.  2b) than at 9:00  h 
(Fig. 2a), but differences between morning and noon were 
higher (41%) in 2021 compared to the drier and hotter 2022 
(16%). The effect of soil water deficit was apparent in the 
annual average SWP, which was significantly higher in T100 
compared to T25, T25-S and T0.

The effect of irrigation levels on water status was more 
evident in 2021 than in 2022. The rainfed treatment (T0) 
shows higher variability at noon than the other treatments.

The response of gs to irrigation levels was similar to that 
of SWP (Fig. 2c,d), with lower mean values in the hotter 
and drier year (2022), especially at noon. The maximum 
gs value (222 mmol/m2s2) was recorded on June 25, 2021, 
at 9:00 h and the minimum at the end of the dry year on 
August 5 2022 at 12:00 h (17 mmol/m2s2. The reduction in 
gs between 2021 and 2022 for the maximum irrigation level 
(T100) was 61% and 50% at 9:00 and 12:00 h, respectively. 
The T25-S presented the smallest reduction compared to the 
other treatments at both times of day.

The gs value was lower at 12:00 h than at 9:00 h, but 
differences were higher (44%) in 2021 compared to 2022 
(19%). In 2022, the gs values were already low in the morn-
ing. Significant differences in gs between the irrigation 
treatments were observed in both years. The annual average 
gs was significantly higher in T100 compared to the other 
treatments. Furthermore, T25, T0, and T25-S did not present 
significant differences in most measurements.

Figure 2 (e and f) shows the TL of leaves exposed to the 
sun, measured manually with the gas exchange equipment 

Table 3   Air temperature (Ta), 
relative humidity (RH), and 
vapor pressure deficit (VPD) 
within the canopy during the 
days of the UAS flight at 9:00 
and 12:00 h

Values in bold correspond to the average of the dates for each year
Daily reference evapotranspiration (ETo) for the reference crop according to FAO56 Penman–Monteith 
(1998) of the same date. Values in bold correspond to the average of the dates for each year.

Dates 9:00 h 12:00 h ETo
(mm/day)

Ta (°C) RH (%) VPD(KPa) Ta (°C) RH (%) VPD(KPa)

June 25 2021 29.0 39.3 2.4 33.5 29.7 3.6 6.6
July 05
2021

29.8 39.7 2.5 35.0 29.0 4.0 8.2

July 20
2021

30.8 33.9 2.9 37.5 18.5 5.3 7.9

July 30
2021

32.0 15.9 4.0 34.1 10.8 4.8 9.1

AVERAGE 2021 30.4 32.2 3.0 35.0 22.0 4.4 7.9
June 30
2022

27.6 27.6 2.7 30 23.1 3.3 7.0

July 15
2022

35.1 22.5 4.4 41.3 14.2 6.8 8.1

August 05 2022 31.2 34.4 3.0 37.9 18.2 5.4 7.3
August 12 2022 30.6 28.5 3.1 37.4 21.2 5.0 6.3
AVERAGE 2022 31.1 28.3 3.3 36.7 19.2 5.1 7.2



94	 Irrigation Science (2025) 43:87–103

CIRAS2. The average values ranged from 31.4 (9:00 h June 
25, 2021) to 46 °C (12:00 h August 5, 2022). The TL was 
higher in 2022 than in 2021. In 2022, TL in T100 was 2.8 
and 1.7 °C higher than in 2021 at 9:00 h and 12:00 h, respec-
tively. The annual average TL in 2021 was 6 °C higher at 
12:00 h than at 9:00 h in treatment T100.

The irrigation treatment significantly affected the TL, 
especially in 2021 at 9:00 h. For both years, the annual 
average TL at 9:00 h was significantly lower in T100 than 
in the other treatments. Specifically, T100 was 4 °C lower 
than T0 at 9:00 h in both years. Significant differences were 
not observed for T25, T0, and T25-S in most measurements 
and values.

The Tc estimated by a thermal camera on board UAS is 
shown in Fig. 2 (g, h). The values ranged from 27.5 (9:00 h, 
June 25, 2021) to 51.2 °C (12:00 h, July 15, 2022). The aver-
age increase in Tc for all the treatments in 2022 was 2 and 
7 °C higher than in 2021 at 9:00 h and 12:00 h, respectively. 
In 2022, Tc in T100 was 3.5 and 8 °C higher than in 2021 at 
9:00 h and 12:00 h, respectively.

Regarding the two measures of temperature, the TL pre-
sented significant differences between treatments at both 
9:00 h and 12:00 h in 2021. However, in 2022, significant 
differences between treatments were observed only in the 
early morning. Conversely, the Tc values obtained by the 
drone did not reveal differences between treatments at the 

Fig. 2   measurement dates aver-
age Stem water potential (SWP., 
MPa) (a,b), Stomatal conduct-
ance (gs)(c,d) Temperature Leaf 
(TL)(e,f), Temperature canopy 
(Tc) (g,h) at 9:00 and 12:00 h 
in both years (2021, 2022) by 
irrigation treatments: T100 
(reference treatment), T50 (50% 
of reference treatment), T25 
(25% of reference treatment), 
T0 (rainfed) and T25-S (25% 
of reference treatment applied 
subsurface)
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9:00 h measurement; however, they were more sensitive at 
the 12:00 h measurement.

Tc, the radiometric temperature, mainly reflecting the top 
of the canopy longwave emission, was significantly related 
to TL (TL = 1.36*Tc–15.52, R2 = 0.74). Tc was lower than 
TL for values of TL below 43 °C but similar to TL at values 
above 43 °C.

This relationship explains the similarity in average tem-
peratures at solar noon between the two parameters in 2021, 
with values of 40.6 and 40.8 °C for Tc and TL, respectively.

Relationship between SWP and gs

Significant nonlinear relationships were observed between 
gs and SWP at 9:00 h (Fig. 3a) and 12:00 h (Fig. 3b). At 
9:00 h, values of gs decreased rapidly until − 0.57 MPa 
and then more gradually as SWP increased. However, the 
behavior observed at 12:00 h was not as clear, showing more 
dispersion.

Observations at 9:00  h showed a change in trend at 
− 0.57 MPa with an R2 of 0.54. At 12:00 h, the breakpoint 
occurred at − 0.88 with an R2 of 0.36. To determine where 
this breakpoint occurred, we used a piecewise function.

At 9:00 h, the following equations were obtained:
if SWP <  = −  0.57 y = 161.58 + 79.88*(SWP), if 

SWP > − 0.57 y = 161.58 + 79.88*(− 0.568) + (79.88 + 83
6.38) *(SWP-(− 0.57)).

The potential of thermal indices to estimate water 
status

Linear regressions between SWP and thermal indices were 
used to evaluate the potential usefulness of these indices 
for estimating the water status of the vines. All the thermal 
indices performed better at 12:00 h than at 9:00 h. Of all the 
indices, the CWSIj at 12:00 h had the most significant cor-
relation with SWP (r = 0.84) (Fig. 4d). It was followed by 
the benchmark index Tc–Ta (r = 0.70 at 12:00 h) (Fig. 4b), 
while the other two indices—CWSIw (Fig. 4f) and CWSIb 
(Fig. 4h)—performed worse, with similar values of r at 
12:00 h (0.64 and 0.63, respectively).

Some values are observed to deviate from the linear 
relationship present at 12:00 h for all indices: these values 
occurred on July 30 2021 (solid red circle). The solid black 
circles correspond to the rest of the measurement dates in 
2021. The open black circles correspond to measurement 
dates in 2022.

A Spearman correlation matrix was calculated between 
all the indices and the physiological parameters (gs and 
SWP). Figure 5 visualizes all the possible positive and 
negative relationships between the measured and estimated 
indices, and their strength of these relationship.

The highest correlation for SWP was with TL (r = − 0.82) 
at 9:00 h (Fig. 5a). However, the highest correlation for SWP 
at 12:00 h was with Tc (r = − 0.75), Tc–Ta (r = − 0.72) and 
CWSIj (r = − 0.70). The SWP had significant correlations 
with TL and CWSIj at both times. As for gs, the highest 
correlations were with TL and TL–Ta at both times, ranging 
from r = − 0.70 to r = − 0.79.

In general, SWP showed a higher correlation with 
all indices at 12:00 h than at 9:00 h, except for TL and 
gsmodel(TL), which registered a higher correlation at 
9:00 h, and CWSIj(TL), which showed no correlation at 
12:00 h. Regarding gs, it was similar to SWP, showing 
a higher correlation with all indices at 12:00 h than at 
9:00 h, except for TL–Ta, CWSIj(TL), and gsmodel(TL), 
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Fig. 3   Blue dotted line indicates the relationship between Stem Water 
Potential (SWP) and Stomatal conductance (gs) at 9:00 h (a) and at 
12:00  h (b). Symbols represent the mean values for each irrigation 
treatment: T100 (reference treatment), T50 (50% of reference treat-
ment), T25 (25% of reference treatment), T0 (rainfed), and T25-S 
(25%  of reference treatment applied subsurface), over two years 
(2021 and 2022). The black line represents the piecewise linear 
regression (colour figure online)
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where the correlations were higher at 9:00 h. Overall, 
results show that the thermal indices had higher correla-
tions with SWP than with gs.

On the other hand, the correlation between gs and SWP 
was higher at 9:00 h (r = 0.69) than at 12:00 h (r = 0.47).

Discussion

The study was carried out during the irrigation period 
(June–August) when VPD was high, and the canopy was 

Fig. 4   Relationship between 
thermal indices (Tc-Ta, CWSIj, 
CWSIw, CWSIb) and Stem 
Water Potential (SWP) at 9:00 h 
(a, c, e, g) and 12:00 h (b, d, 
f, h) for measurement dates of 
2021 (solid black circles) and 
measurement dates of 2022 
(open black circles). The red 
solid circle corresponds to July 
30 2021 values. The dotted line 
is the regression line. The rho 
coefficient indicates the result of 
a Spearman test (colour figure 
online)
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completely developed. We observed different relationships 
between SWP and the various versions of CWSI, which 
differ in the way that wet and dry edges are calculated 

(Fig. 4). The year of the study has a strong influence on 
the water status of the vines. The 2022 season was warmer 
than 2021, resulting in a maximum Tc–Ta (12.8°C) in the 

Fig. 5   Spearman correlation 
matrix for thermal indices 
and physiological parameters 
at 9:00 h (a) and 12:00 h (b) 
on the days of the UAS flight 
for the vines under irrigation 
treatments in the experimental 
vineyard (Toledo, Spain)

9:00 h (a)

12:00 h (b)



98	 Irrigation Science (2025) 43:87–103

vines in 2022 and severe water stress, with a minimum 
value of SWP (− 2 MPa). Under these conditions, the ther-
mal indices were less sensitive to changes in SWP.

Although the SWP has certain limitations (García-Tejera 
et al. 2021; Nieto et al. 2022), this traditional agronomic 
assessment tool (Naor 2000; Choné et al. 2001; Girona 
et al. 2006) clearly identified the different irrigation treat-
ments in our study. SWP is a parameter that integrates the 
water status of the plant with soil moisture conditions and 
atmospheric demand. Some studies contend that SWP can 
be influenced by canopy growth, which modifies the root to 
leaf area ratio and hence the hydraulic conductivity of the 
soil–plant-atmosphere continuum (Nieto et al. 2022; Garcia-
Tejera et al. 2023). When there is a strong coupling between 
the canopy and the atmosphere, as there is in vineyards (Lu 
et al. 2003) both stomatal conductance and leaf area can 
exert great control over canopy-scale water loss (Tuzet et al. 
2003; Zhang et al. 2012) fostering higher potential water 
vapor transfer to the atmosphere (Jarvis and McNaughton 
1986). Wang et al. (2018) observed the influence of canopy 
height variations on aerodynamic resistances, subsequent 
cooling, and ultimately, canopy temperature. Therefore, it is 
necessary to consider vegetative development as a relevant 
factor in the energy exchange between the canopy and the 
atmosphere. In our study, it was observed that in the dry year 
(2022), there were no significant differences in the vegeta-
tive development of the canopy among the different irriga-
tion treatments, which suggests that variations in Tc–Ta are 
not primarily due to changes in canopy development.

A general difficulty when evaluating remote sensing-
based indicators with field data is the mismatch between 
spatial scales and the differences in the controls of processes 
at leaf and canopy levels. For example, at the leaf level, 
TL showed better correlations with SWP at 9:00 h than at 
12:00 h, contrary to Tc (Fig. 5a,b). TL also showed good 
correlations with gs at both times (Fig. 5a, b). However, 
at solar noon, the correlation between TL and SWP was 
lower than the one between Tc and SWP. Gates (1964) and 
Jones (2002) both observed that TL was more susceptible 
to fluctuations in environmental conditions than Tc. This 
can be explained by the fact that leaf measurements do not 
adequately represent the whole plant water status (Turner 
1990; Hernández-Montes et al. 2020), which is a common 
issue affecting experiments based on leaf-scale measure-
ments (Nieto et al. 2022). Other factors influencing TL ver-
sus Tc differences could be related to the fact that the images 
contain more shade in the morning, which we did not fully 
account for in our corrections, as well as the higher error 
due to the use of the uncooled thermal camera compared to 
thermocouples (Bellvert et al. 2015).

The different approaches to estimate the dry and wet 
edges of the CWSI based on Tc reflects the whole plant 
water status. In our study, when the CWSI was estimated 

using TL (CWSIj (TL)) instead of Tc, it correlated better 
with the water status variable measured at the leaf level, gs; 
at 9:00 h (Fig. 5a), conversely, when CWSIj was estimated 
using Tc, it correlated better with SWP at 9:00 and 12:00 h 
(Fig. 5a,b).

An important finding was that solar noon was the best 
time to apply the CWSI as it better correlated with SWP 
and gs at 12:00 h than at 9:00 h in all approaches (Fig. 5b). 
In fact, it has been shown that the best time of the day for 
assessments of water stress based on Tc was 12:00 h (Ehrler 
et al. 1978). In our study, we observed that the range of 
SWP was lower in the morning due to the lower evapora-
tive demand. Soil moisture does not change as much over 
the course of the day (Tuzet et al. 2003), therefore, the dif-
ferences observed in the CWSI-SWP relationship between 
9:00 h and 12:00 h were mainly due to the atmospheric 
conditions. There are clear differences in the atmospheric 
water vapor demand between solar noon and morning. The 
higher atmospheric water vapor demand (higher VPD) at 
solar noon would reduce SWP and induce stomatal closure, 
leading to increases in Tc–Ta. The atmospheric conditions at 
solar noon drive water gradients across the soil–plant water 
continuum, highlighting differences among water treatments.

Thus, for given micrometeorological conditions, Tc pri-
marily depends on gs, the effect of which on transpiration 
rates is closely related to the water status of the plant (Jack-
son 1982) and climatic conditions. Tc is more similar among 
irrigation treatments in the morning, (Fig. 2g) than at solar 
noon (Fig. 2h), as plants transpire close to potential rates, 
and stomata are fully open. In the morning, the evaporative 
cooling demand is much lower. Additionally, in the morn-
ing, respiratory activity impacts the stomatal opening and 
closure, affecting the negative linear relationship between 
Tc and SWP (Gardner et al. 1981).

The results of our study show a clear year effect; in the 
warmer year (2022), SWP was markedly lower than in 2021. 
In 2022, the plants exhibited low anomalous SWP values 
at 9:00 h, similar to those observed at solar noon (Fig 2a, 
b). This indicated increased water stress during the 2022 
season compared to 2021. The effect was observed in a 
change in the linear CWSI-SWP relationship, with stronger 
correlations at 12:00 h than at 9:00 h, as evidenced by the 
values of r and rho for all the thermal indices (Fig. 4b, d, f, 
and h). Other authors have observed this linear relationship 
(Yuan et al. 2004; Gonzalez-Dugo et al. 2013; Bellvert et al. 
2014; Gutiérrez et al. 2021) however, it was less apparent at 
12:00 h in 2021, especially for Tc–Ta (Fig. 4b). There was 
a specific date in 2021 (July 30 2021) when, at solar noon 
(Fig. 4b, d, f, g), SWP did not correlate well with Tc. On this 
day, the SWP was below what would be expected according 
to the linear relationship. However, despite the anomalous 
value of that date, CWSIj was the only thermal index that 
showed a closer relationship with SWP. The linear trend was 
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less consistent for the 9:00 h measurement in 2022, with rho 
values significant but lower than those for 12:00 h. It was 
observed that beyond a threshold value in SWP, the thermal 
indicators at 9:00 h tended to stabilize, becoming less sensi-
tive to reductions in SWP (Fig. 4a, c, e, g).

The breakpoint in the correlation between gs and SWP 
(Fig. 3a) at 9:00 h occurred at − 0.57 MPa. This value marks 
a change in the dynamics between gs and SWP, which in 
turn affects the relationship between SWP and the thermal 
indices. In (Fig. 4 a, c, e and g), a certain stabilization is 
observed between − 0.5 and − 1 MPa for data corresponding 
to 2022 (the drier year), confirming the sensitivity of gs at 
lower SWP values (Sebastian et al. 2023). This breakpoint 
was particularly noticeable in the CWSIw and CWSIb indi-
ces (Fig. 4e, g). However, CWSIj and Tc–Ta showed greater 
dispersion under these conditions (Fig. 4a, c). This could be 
explained by their higher sensitivity to air temperature val-
ues. Our study used air temperature within the canopy (Ta), 
which might be affected by microclimatic changes (Jones 
2002), instead of temperature at screen height (in our case, 
at a height of 2 m above the canopy).

Around − 0.57 MPa (Fig.  3a), stomatal closure was 
observed in the morning hours, showing a nonlinear rela-
tionship. This nonlinear relationship between SWP and gs 
has been observed in other crops, such as olive trees (Ben-
Gal et al. 2009; Ahumada-Orellana et al. 2019) as well as in 
other studies of vineyards (Gutiérrez et al. 2021). It can be 
attributed to the effect of a very high VPD and evaporative 
demand (ETo) on transpiration rates and gs. This situation 
could have caused a high transpiration rate due to high vapor 
diffusivity and high gs, especially in the most irrigated treat-
ment, reducing SWP and causing Tc and TL to be lower than 
expected for those SWP values. The CWSI (1-ET/ETp) is 
sensitive to changes in SWP even though the gs changes 
very little beyond the breakpoint in Fig. 3; therefore, SWP 
and gs may not necessarily result in the same vine response 
(Schlank et al. 2024). Under conditions of higher VPD and 
higher radiation, ET will exhibit a marginal increase but 
ETp will show a larger proportional increase, even if the gs 
remains almost constant. This will result in an increase in the 
CWSI (becoming drier) and a decrease in SWP. Although we 
might expect to observe better performance when gs is more 
responsive to SWP (before stomatal closure), we can none-
theless assume that in conditions of near stomatal closure, as 
in Fig. 3 after the breakpoint, ETp increases more than ET. 
This situation causes a higher CWSI, which is related to a 
reduction in SWP. Therefore, the CWSI may be sensitive to 
changes in SWP but not to gs.

Looking at the relationship between SWP and gs in the 
vines analyzed in this study, it is not entirely clear whether 
they are closer to isohydric or anisohydric behavior. Based 
on Bellvert et al. (2015) we applied the CWSIb, using the 
equation to obtain the baseline values, which include VPD 

and Tc–Ta corresponding to anisohydric behavior. How-
ever, isohydric and anisohydric behavior are on two ends 
of a continuum rather than being a binary classification. 
In other words, plants shift between strict regulation and 
looser regulation. This makes choosing a method to estimate 
stomatal regulation, as in Bellvert et al. (2015), a difficult 
task. For example, Zhang et al. (2012) observed a change 
from anisohydric behaviour under wet soil conditions to 
isohydric behaviour when soil water depleted over drying 
cycles. However, in our experiment, plants seemed to display 
more isohydric behavior in the morning (Fig. 3a) and more 
anisohydric behavior at solar noon (Fig. 3b). Other authors 
have observed similar transitions between anisohydric and 
isohydric behavior under water stress (Lovisolo et al. 2010; 
Tombesi et al. 2014; Martínez-Vilalta and Garcia-Forner 
2017; Charrier et al. 2018; Levin et al. 2019; Gallo et al. 
2022).

Depending on how much water is available, the plants 
show more anisohydric behaviour when irrigation is applied 
to fully replenish crop evapotranspiration, with loose stoma-
tal control. As less water becomes available to the plants, the 
response shifts to more isohydric behavior, eventually reach-
ing a point where irrigation is so restricted that the plants 
keep their stomata closed (Sebastian et al. 2023). This situa-
tion strengthens the relationship between CWSI and SWP at 
solar noon across water treatments, as plants are influenced 
by the soil–plant-atmosphere continuum (Fig. 4).

Similarly, Ben-Gal et al. (2009) observed that towards 
noon and early afternoon, the stomata of the stressed olive 
trees started closing after transpiring and losing water, 
resulting in an increase in canopy temperature. Therefore, 
in this case, the greater the stress, the larger the CWSI value, 
leading to a better assessment of water status in the trees.

The results obtained by Cifre et al. (2005) showed high 
dispersion in gs values when SWP was greater than− 2 MPa. 
Similar results were observed in olive by Marino et al. 
(2018), who suggested that a SWP–gs model for low-level 
stress (SWP >  − 2 MPa) is not reliable. This dispersion at 
high SWP values is caused by the sensitivity of gs to other 
factors such as temperature, humidity, and incident irradi-
ance (Jarvis 1976; Leuning 1995).

In this study, we have used CWSI as a proxy for SWP, 
although CWSI indicates the relationship between actual 
and potential evapotranspiration rates. For this reason, 
we also evaluated the gs derived from the Jackson model 
to assess the accuracy of CWSIj as a closer indicator of 
SWP. We compared the gs measured from the leaf with 
the gs estimated using Jackson’s model fed with TL, which 
we denote gsmodel (TL), and with Tc, which we denote 
gsmodel(Tc) (Fig.  5a,b). When using the gsmodel(TL) 
instead of gsmodel(Tc), the correlations changes at 9:00 h 
(from r = 0.33 to r = 0.71) and 12:00 h (from r = 0.55 to 
r = 0.54). This indicates a reasonable performance by the 
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CWSI model, but suggests that there is a mismatch between 
the data used at one scale (drone—top of canopy leaves) 
and those from measurements at the leaf level. Additionally, 
to scale up from gs measured at the leaf level to gs at the 
canopy level, changes in Leaf Area Index(LAI) would have 
to be taken into account (Bu et al. 2021).

The robustness of the thermal-based indices depends on 
their ability to estimate the physiological parameter SWP 
across wide-ranging meteorological conditions or phenolog-
ical state. Our findings confirm that simple thermal indictors 
such as Tc–Ta can identify varying levels of crop hydration 
using UAS temperature values (Tc), outperforming CWSIb 
or CWSIw at 12:00 h (Fig. 4b, f, h). However, these simple 
indicators are less accurate under extreme aridity, high VPD, 
and low SWP conditions, deviating from linear relationships. 
Conversely, ET-based stress indices calculated using high 
resolution imagery have shown a good relationship with 
water status in vineyard (Bellvert et al. 2020; Nieto et al. 
2022; Burchard-Levine et al. 2024). CWSIj emerges as a 
suitable alternative from a climate change perspective—that 
is, under increasingly hot and arid conditions—with robust 
performance across different days and times (Fig. 4c, d), 
mainly due to the high resolution of the images that makes 
it possible to separate energy balance components from the 
vine canopy (Ortega-Farias et al. 2021; Ramírez-Cuesta 
et al. 2022). However, several parameters are needed to 
estimate the CWSIj, such as air and canopy temperatures, 
aerodynamic and canopy resistance, potential canopy resist-
ance, canopy emissivity, incident solar radiation, and emit-
ted radiation. Emerging or anticipated future technologies 
are expected to enable make it quicker to obtain accurate 
energy balance parameters. It is important to consider all 
the required meteorological parameters to develop method-
ologies or tools that enable crop monitoring under different 
climatic scenarios; ultimately, however, it will be up to the 
farmer to assess the potential of these indices and make deci-
sions based on specific crop management needs.

Conclusions

This study underscores the effectiveness of thermal indices 
calculated data from sensors onboard UAS as a tool for esti-
mating vineyard water status, thus enabling better irrigation 
management.

Our results confirmed that the best time for capturing 
thermal images from UAS is at 12:00 h solar time, when 
there is a closer relationship between thermal indices and 
SWP and a wider range of SWP and Tc values from vines 
under different irrigation treatments. The higher VPD at 
solar noon amplifies stomatal responses to the different soil 
moisture levels.

Regarding temperature as a whole plant indicator of water 
stress, our results confirmed the limitation of using TL based 
indices rather than Tc based indices to estimate SWP.

Among all the evaluated thermal indices, Tc–Ta and 
CWSIj were found to be the best at detecting variations in 
SWP within the vineyard across different times of day. The 
indicator Tc–Ta, calculated using UAS temperature values 
(Tc) and Ta from a portable weather station, had high preci-
sion at 12:00 h. However, in situations of severe water stress 
due to heat and aridity, this simple indicator did not work 
as well. Instead, CWSIj, which a stronger biophysical basis, 
emerged as a useful alternative, even though it requires the 
input of several parameters based on micrometeorological 
data.

Our study also showed changes in the behavior of Merlot 
from anisohydric to isohydric over the course of the day 
and the season. This finding supports the idea that plants’ 
behavior in response to different stress levels and environ-
mental conditions is not a categorical feature. As such, it 
limits the use of empirical models to estimate the wet and 
dry baselines (Tdry and Twet) as a function of VPD based 
on the isohydric/anisohydric categorization, as in CWSIb.

All around the world, reduced water availability poses a 
threat to the yield, quality, and economic viability of grapes 
grown for wine. Climate change projections point to warm-
ing and drying trends in the coming decades, jeopardizing 
the sustainability of viticulture. In this context, a signifi-
cant research effort has been made in recent years to under-
stand the effects of water stress on grapevine performance. 
Addressing these challenges in the future requires the devel-
opment of a non-destructive, cost-effective, and easy-to-use 
method for continuously monitoring grapevine water status. 
The results obtained in this study can provide valuable infor-
mation to guide the development of models for upscaling 
field measurements, thus enhancing our ability to manage 
irrigation more precisely and sustainably.
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