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Abstract: In the current scenario of worldwide limited water supplies, conserving water is a
major concern in agricultural areas. Characterizing within-orchard spatial heterogeneity in water
requirements would assist in improving irrigation water use efficiency and conserve water. The crop
water stress index (CWSI) has been successfully used as a crop water status indicator in several fruit
tree species. In this study, the CWSI was developed in three Prunus persica L. cultivars at different
phenological stages of the 2012 to 2014 growing seasons, using canopy temperature measurements of
well-watered trees. The CWSI was then remotely estimated using high-resolution thermal imagery
acquired from an airborne platform and related to leaf water potential (ΨL ) throughout the season.
The feasibility of mapping within-orchard spatial variability of ΨL from thermal imagery was also
explored. Results indicated that CWSI can be calculated using a common non-water-stressed baseline
(NWSB), upper and lower limits for the entire growing season and for the three studied cultivars.
Nevertheless, a phenological effect was detected in the CWSI vs. ΨL relationships. For a specific given
CWSI value, ΨL was more negative as the crop developed. This different seasonal response followed
the same trend for the three studied cultivars. The approach presented in this study demonstrated
that CWSI is a feasible method to assess the spatial variability of tree water status in heterogeneous
orchards, and to derive ΨL maps throughout a complete growing season. A sensitivity analysis of
varying pixel size showed that a pixel size of 0.8 m or less was needed for precise ΨL mapping of
peach and nectarine orchards with a tree crown area between 3.0 to 5.0 m2 .
Keywords: remote sensing; peach; temperature; water status; leaf water potential; CWSI

1. Introduction
Water scarcity is a major concern in many irrigated agricultural areas of the world. Therefore,
irrigation water management needs to be carried out more efficiently, aiming at saving water and
maximizing its productivity [1]. The adoption of regulated deficit irrigation (RDI) techniques, using
water stress indicators, has been used in many fruit trees in order to optimize water use without
affecting crop yields. In peach trees (Prunus persica L.), the benefit is well-known for applying RDI
during stage II of fruit development. Besides saving water, RDI has the potential to reduce excessive
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tree vigor, maintain yield, and may improve fruit quality [2,3]. However, the difficulty in identifying
spatial variability of the crop water status across orchards limits its practical implementation in
commercial fields. The success of RDI techniques strongly depends on the appropriate use of on-farm
irrigation system and on the capacity to use new tools to detect crop water status across orchards.
Remote sensing technologies are a successful tool to accurately identify spatial heterogeneity
and have been shown to have the capacity to monitor irrigation at orchard level [4,5]. The use of
remote sensing in the assessment of crop water status through canopy temperature has had a long
development history. In the 1970s and 1980s, canopy temperature was first suggested as a method to
detect stress using hand-held thermal infrared thermometers [6–12]. However, these measurements
were site-specific and not useful to assess spatial distribution of water status within a field. The advent
of modern remote sensing technologies offers the possibility to develop temperature-derived indicators
from airborne thermal imaging and map spatial variability of water status.
Working on herbaceous crops, Jackson et al. [11] and Idso et al. [8] developed the concept
of crop water stress index (CWSI) as a thermally base stress indicator. Since then, the CWSI
has been widely used in annual crops [13–15], and more recently in perennial crops such as
grapevines [16,17], olive [18,19], pistachio [20], citrus [21] and peach [22]. CWSI is inversely related
to transpiration rate and stomatal conductance [7] and has been successfully related to indicators
of crop water status such as leaf water potential (ΨL ) [23,24]. However, stomatal control of canopy
conductance and ΨL are highly sensitive to VPD, and change between cultivars and throughout crop
development [25,26]. Such changes may affect the relationship between CWSI and ΨL . In fact,
Bellvert et al. [27] reported significant differences in the CWSI - ΨL relationships between grapevine
cultivars and phenological stages.
To use remotely estimates of leaf water potential (Ψest ) for assessing the spatial variability in
water stress across peach orchards, it would be necessary to find out the seasonal variations in the
CWSI vs. ΨL relationship. The present study tested the hypothesis that Ψest is a reliable water stress
indicator in different Prunus persica L. cultivars throughout different growing seasons, and whether
there are different responses between cultivars. To achieve it, “non-water-stressed baselines”, which are
necessary for calculating CWSI, were developed over two seasons, and the CWSI was seasonally related
with ΨL . The feasibility of mapping within-orchard spatial variability of Ψest from high-resolution
thermal imagery, remotely acquired by an airborne platform was also explored.
2. Materials and Methods
2.1. Study Site
The study was carried out from 2012 to 2014 growing seasons in three commercial orchards located
near Lleida, Spain. In 2012 and 2013, the study was carried out in a 2-ha peach (41˝ 411 64”N, 0˝ 321 91”E)
orchard planted in 1996 with an early maturing cultivar of peach (Prunus persica cv. Royal Glory) in a 4
m ˆ 3 m grid. In the same two years, results obtained in the peach orchard were validated in a 15 year
old 2.2-ha nectarine orchard (Prunus persica cv. Big Top) planted in a 4 m ˆ 3 m grid (41˝ 411 72”N,
0˝ 321 87”E). In addition, results for peach were validated in 2014 in a 3 year old 2.8-ha Saturn peach
orchard (Prunus persica cv. Platicarpa) with tree spacing of 4 ˆ 1.5 m grid (41˝ 411 64”N, 0˝ 321 38”E). Tree
crown area ranged from 3.0 to 5.0 m2 for peach and nectarine and from 1.5 to 2.5 m2 for Saturn peach.
The climate of the area is Mediterranean, with an average annual rainfall and evapotranspiration of
364 and 1088 mm, respectively. Within each orchard, three irrigation treatments were set up to test
different levels of water status throughout the season. The treatments were: (i) full-irrigation control,
where irrigation replaced 100% ETc; (ii) moderate deficit irrigation, where irrigation replaced 50% ETc;
and (iii) deficit irrigation, where water was applied only after midday leaf water potential dropped
below ´2.0 MPa. Each irrigation treatment consisted of four adjacent rows with eight trees per row.
The trees of the two central rows were monitored while the others served as a border. Irrigation water
was applied through a drip irrigation system with emitters spaced 0.75 m apart on a single drip line
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per row, discharging 8 L¨ h´1 . Trees were irrigated daily and scheduled on a weekly basis. Water
requirements were calculated using a water balance technique to replace crop evapotranspiration (ETc)
as follows: ETc = (ETo ˆ Kc)—rainfall. ETo and Kc represent the reference evapotranspiration and crop
coefficient respectively. The Penmann-Monteith method was used to determine ETo (Allen et al., [28])
and Kc vales were obtained from Doorenbos and Pruitt [29].
2.2. Infrared Temperature Data
Four infrared temperature sensors (IRTS) (model PC151LT-0; Pyrocouple series, Calex Electronics
Limited, Bedfordshire, UK) were installed about 1.5 m above two peach trees of the full-irrigated
control treatment (two sensors in each tree). Canopy temperature was measured from beginning May
to mid-September for 2012 and 2013, obtaining data throughout the growing season. The calibrated
IRTS were installed aiming vertically downward (nadir view). The angular field of view was 15:1 with
an accuracy of ˘1%, which measured a canopy target spot around 0.12 m diameter. Visual inspection of
sensor positioning, comparison with air temperature (Ta ) data and consistency with values measured
with a hand-held infrared thermometer (Fluke 62 mini, Fluke Europe, Eindhoven, The Netherlands)
ensured that 100% of the temperature signal came only from the leaves. All IRTS were connected to a
datalogger (model CR200X; Campbell Scientific, Logan, UK) that recorded temperatures every minute
and stored the 15-min averages. Recorded data of full-irrigated control trees was used to calculate the
baselines of the crop water stress index (CWSI). The empirical CWSI was calculated as Idso et al. [9]:
CWSI “

pTc ´ Ta q ´ pTc ´ Ta q LL
pTc ´ Ta qUL ´ pTc ´ Ta q LL

(1)

where Tc -Ta is measured canopy-air temperature difference; (Tc -Ta )LL lower limit of (Tc -Ta ) of a
canopy which is transpiring at the potential rate, and (Tc -Ta )UL expected differential in the case of a
non-transpiring canopy. (Tc -Ta )LL is function of vapour pressure deficit (VPD) (non-water-stressed
baseline, NWSB). The NWSB was calculated in peach trees for two years following the procedure
described in Bellvert et al. [17]. Only data of sunny days, which had wind speed below 6 m¨ s´1 (at a
height of 10 m) were used in the assessment of CWSI. Hourly values of (Tc -Ta ) were regressed against
vapour pressure deficits (VPD) separately for the hours of the day, from 10:00 to 16:00 hours (solar
time). Following recommendations of Bellvert et al. [17,27], the linear NWSBs were transformed to
curvilinear equations to obtain the upper limits. The upper limits (UL) were obtained by solving the
NWSB curvilinear equation for VPD = 0 and then correcting for vapor pressure differences caused
by Tc -Ta [9]. The physical theory assigns a straight horizontal line to UL, which is irresponsive to
VPD because this is only thought as dependent on relative humidity (HR). However, when different
days are compared in a semi-arid climate, the VPD tends to be higher during days with high air
temperature (Ta ). Therefore, days with higher Ta have had higher VPD (Table 1). The UL increase
with VPD reflects the effect of higher Ta on leaf energy balance. The lower limit was obtained taking
the minimum values of Tc -Ta for each VPD. The NWSBs were obtained for each phenological stage:
(1) stage II—lignification of endocarp (pit hardening); (2) stage III—maturation; (3) Post-harvest—from
harvest (beginning July) to end of August. Stage I (considered in this study to extend from fruit set to
initial pit hardening) was not studied because of low canopy cover. Pooled data from 2012 and 2013
was used to develop a common NWSB, lower and upper limits for each phenological stage and for the
entire growing seasons. Air temperature (Ta ), and vapor pressure deficit (VPD) were obtained from a
portable weather station (Watchdog, model 2900ET, Spectrum Technologies, Inc., Plainfield, IL, USA)
located on one side of the orchard, and used to obtain local meteorological conditions throughout
the season.
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Table 1. Climate data at the commercial orchards during the flight time.
Year

Flight Day

Stage

Orchard

Tair (˝ C)

VPD (kPa)

Rad (W¨ m´2 )

Wind Speed (kph)

2012

14 May
1 June
15 June
6 July
31 July
21 August

II
II
III
III
PH
PH

P+N
P+N
P+N
P+N
P+N
P+N

24.0
31.3
32.1
27.6
31.4
34.0

2.4
3.8
3.4
2.5
2.9
4.2

926
947
959
933
914
849

6
7
8
8
10
7

2013

7 May
13 May
4 June
11 June
25 June
3 July
16 July
31 July
12 August

II
II
II
III
III
III
PH
PH
PH

P+N
P+N
P+N
P+N
P+N
P+N
P+N
P+N
P+N

24.4
20.0
23.6
28.5
22.5
29.6
33.0
33.7
31.3

1.6
1.6
1.6
2.6
1.6
2.3
3.0
3.8
3.3

904
1052
1083
1082
1078
882
1032
1043
968

11
4
6
3
8
12
3
8
3

2014

30 April
13 May
29 May
6 June
13 June
27 June
27 August

II
II
II
III
III
III
PH

SP
SP
SP
SP
SP
SP
SP

21.9
21.1
19.7
28.2
30.8
28.2
30.2

1.6
1.8
1.0
1.9
2.3
2.6
2.3

902
1050
960
1034
940
1184
963

16
25
4
9
0
0
10

P: Peach, N: Nectarine, SP: Saturn peach.

2.3. Airborne Campaign
Flights were conducted with a thermal sensor (FLIR SC655, FLIR Systems, Wilsonville, OR, USA)
installed on an aircraft (CESSNA C172S EC-JYN). The camera had a resolution of 640 ˆ 480 pixels,
equipped with a 13.1 mm optics focal length yielding an angular FOV of 45˝ that delivered approximate
ground resolution of 0.15 to 0.20 m. The spectral response was in the range of 7.5–13 µm. The
radiometric calibration of the sensor was assessed in the laboratory using a blackbody (model P80P,
Land Instruments, Dronfield, UK). In addition, various calibrations were conducted at the time of each
flight using surface temperature measurements to improve the calibration. The accuracy of this method
is discussed in Berni et al. [19,30], who demonstrated an accuracy error less than 1 K using a similar
camera on board an Unmanned Aerial Vehicle (UAV). The sensor was connected to a computer via USB
2.0 protocol. The software to acquire thermal images was developed at the Laboratory for Research
Methods in Quantitative Remote Sensing (Quantala, IAS-CSIC, Córdoba, Spain) and described in
Zarco-Tejada et al. [31].
The peach and nectarine orchard study sites used for field data collection can be seen in Figure 1a.
The flights were conducted at 12:00 solar time (14:00 local time) at 150 m altitude above the ground level.
The high-resolution thermal images enabled discrimination of pure tree crowns from soil background
effects (Figure 1b). The flying pattern consisted of four longitudinal lines of 1500 m separated by 65 m.
Table 1 lists imagery acquisition dates, phenological stages and weather conditions for each flight
throughout the growing season. Concomitant with each flight, leaf water potential (ΨL ) was measured
in 18 trees in each orchard (six per irrigation treatment). Two fully expanded leaves exposed to direct
sunlight were measured on each tree. A Scholander pressure chamber (Soil Moisture Equipment
Corp., Santa Barbara, CA, USA) was used following the recommendations of Turner and Long [32].
Aluminum foil was used between rows as a target to mark the exact location of measured trees. Mean
crown temperature (Tc ) was extracted from six trees per irrigation treatment and used to calculate the
crop water stress index (Figure 1c).
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Figure 1. Thermal mosaic acquired at 0.20 m pixel resolution, observing in (a) nectarine and peach
orchards. In red are shown the areas where the irrigation treatments were located; (b) detailed study
site area used for field data collection in the peach orchard. Trees under different irrigation treatments
(full-irrigation control, moderate and deficit irrigation) were measured and located with aluminium
foil between rows; and (c) peach trees under different irrigation treatments used for pure tree crown
temperature extraction.

Simultaneously with each flight in 2013, stomatal conductance (gs ) was also measured in the
nectarine orchard using a steady-state porometer (model LI-1600, Li-Cor Inc., Lincoln, NE, USA).
gs was measured in the same leaves where ΨL was recorded.
2.4. Spatial Resolution Assessment
The influence of pixel size on crop water status detection was studied for determining the
minimum and best possible spatial resolution that may be required in assessing Tc of peach and
nectarine trees. The thermal imagery acquired on 1 and 15 June 2012 were re-sampled using a pixel
aggregate technique through cubic convolution. Newly obtained re-sampled images had pixel sizes of
0.3, 0.6, 1.0, 1.2, 1.5, and 2.0 m. Exactly the same region of interest created for the eighteen peach and
nectarine trees for the very high resolution thermal imaging was used to extract the aggregated pixels
from the lower resolution mosaics.
2.5. Estimation of ΨL from CWSI and Validations
Estimation of leaf water potential for peach trees was performed comparing two methods:
(1) using CWSI for each specific phenological stage; and (2) using a common CWSI pooling data from
two consecutive growing seasons. In addition, the methodology proposed to estimate ΨL in peach trees
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was also validated for nectarine and Saturn peach trees in different years. The “non-water-stressed
baselines” developed for peach trees were then also used to calculate CWSI for these two cultivars.
2.6. Statistical Analysis
Non-watered-stressed baselines (NWSB) were transformed to a linear regression model for the
purpose of analyzing differences between phenological stages. A covariance analysis (ANCOVA) was
performed to analyze differences between years and phenological stages using the SAS statistical
package [33]. Specific differences among phenological stages in the slopes and intercept of the lines
were subsequently tested by orthogonal contrasts.
3. Results
3.1. Non-Water-Stressed Baselines
The relationship between difference of canopy and air temperature (Tc -Ta ) with vapor pressure
deficit (VPD) for well-watered peach trees was significant for the two years of study (Figure 2). The
Tc -Ta trend decreased as VPD increased. The coefficients of determination (R2 ) ranged from 0.61 to
0.85. Although not significant differences were detected between years during stages II and III, the
differences in the post-harvest stage were significant. During post-harvest, the intercept in the Tc -Ta vs.
VPD relationship was significantly higher in 2012 than in 2013. However, a common baseline using
the two years of data was performed for each phenological stage. The statistical analysis indicated a
different phenological response within years (Table 2). The intercept of the relationship Tc -Ta vs. VPD
was significantly different for two studied years (p < 0.0001). In 2012, Tc -Ta vs. VPD relationship from
stage II presented a higher intercept than stage III. On the other hand, the intercept of post-harvest stage
in 2013 was significantly lower in comparison with earlier stages. In the same year, the phenological
stage III had the lowest slope and post-harvest had the highest.
Table 2. A covariance analysis (ANCOVA) analysis of Tc -Ta for phenological stages at different years
and probabilities tested by orthogonal contrasts of slopes (Stage ˆ vapour pressure deficit (VPD)) and
intercepts (Stage).
2012

2013

All Years

VPD
Stage
Stage ˆ VPD

<0.0001 *
<0.0001 *
0.957

<0.0001 *
<0.0001 *
<0.0001 *

<0.0001 *
<0.0001 *
0.0641

Contrast **

Stage

Stage

Stage ˆ VPD

Stage

Stage II vs. III
Stage II vs. PH
Stage III vs. PH

0.0414
-

0.0059
<0.0001

0.0451
<0.0001
<0.0001

0.0197
0.0431
-

* Significance at p < 0.0001 (SAS 2002); ** Significance at p < 0.05 (SAS 2002).

The Tc -Ta vs. VPD relationships were used to develop the curvilinear NWSBs, and lower and
upper limits for each phenological stage and for the entire growing season (Figure 3). It is interesting
to emphasize that LL and UL of stage III had a slightly different slope and intercept in comparison
with other stages, perhaps related to a higher Ta and global solar radiation during that period. These
differences were considered negligible and a common LL and UL was used for the entire growing
season (Figure 3c).
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Figure 2. Relationships between the difference of canopy and air temperature (Tc -Ta ) and vapour
pressure deficit (VPD) for the 10:00 to 16:00 hour data of fully irrigated control peach trees, showing:
(a–c) differences between years (2012 and 2013) at different phenological stages (Stages II and III,
and post-harvest); and (d) seasonal response for two years data. All relationships were significant
(p < 0.0001).

Figure 3. (a) Non-water-stressed baselines (NWSB), and (b) lower and upper limits, used to calculate
the CWSI for peach trees at different phenological stages (Stages II and III, Post-harvest) and (c) for the
entire growing season (All Season). All relationships were significant (p < 0.0001).

3.2. Relationship between CWSI and ΨL for Peach Trees
Midday ΨL correlated significantly with CWSI for the entire growing season and followed a
curvilinear model during pre-harvest stages and a linear model during post-harvest (Figure 4). This
means that during pre-harvest, ΨL started to decline significantly only after a threshold CWSI value.
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A significant seasonal effect was also observed in this relationship, indicating that for a particular level
of CWSI, the values of ΨL were lower as the crop developed.

Figure 4. (a–c) Comparison of the relationship between crop water stress index (CWSI) and leaf water
potential (ΨL ) for peach trees at different phenological stages of the 2012 and 2013 growing seasons.
CWSI has been calculated using the lower and upper limits for each specific phenological stage (Stages)
and for all the season (All Season). All relationships were significant (p < 0.0001).

CWSI was calculated under two different methods: (i) using baselines (lower and upper limits)
for each phenological stage; and (ii) using a common baseline for the entire growing season. Visually,
the two methods had similar responses without differences in the functions and coefficients of
determination (R2 ) (Figure 4). In order to identify which method had the strongest influence on ΨL
estimation, ΨL was estimated using both methods and related to the observed ΨL by linear regression.
The one-to-one relationships between estimated and observed ΨL were significant for all phenological
stages (p < 0.0001), and no significant differences were found between methods used for estimating
ΨL (Figure 5). There were differences in the one-to-one relationships at different phenological stages.
Despite the regression from stage II having the lowest root mean square error (RMSE), it also presented
a low slope and high intercept. Stage III had a higher RMSE than stage II, but the intercept was closer
to zero and the slope to one. Although intercept and slope of regressions from the post-harvest stage
were similar to stage III, the RMSE was higher (Figure 5c,g). The best fit regression was obtained
taking into account data from the entire season (Figure 5d,h). This comparison was done for peach
trees using data from two consecutive years, and showed that the CWSI vs. ΨL relationships in 2012
agreed with those of 2013.
3.3. Validation for Nectarine and Saturn Peach
The algorithms of CWSI developed for peach trees were validated for nectarine and Saturn peach
trees. The seasonal relationships between midday ΨL and CWSI for nectarine and Saturn peaches
followed the same trend as those of peach trees (Figure 6). Coefficients of determination ranged from
0.52 to 0.78 and were similar to those presented in Figure 4 for peach trees. Estimates of leaf water
potential using seasonal pooled data from all cultivars fitted significantly well with observed ΨL
(p < 0.0001) (Figure 7). However, differences in their slopes and intercepts were detected in comparison
with estimates of ΨL only using peach tree data. The regression at stage II had the lowest R2 and slope
and a high intercept (Figure 7a). In Stage III, despite the RMSE was 0.20 MPa, the slope and intercept
of the regression were respectively closer to one and zero in comparison with the same regression
only with peach tree data (Figure 7b). The pertinent regressions from post-harvest and all season
had a slight decrease in the adjusted one-to-one parameters in comparison with those presented in
Figure 3 at their respective stages (Figure 7c,d). Overall, despite a slight decrease in the one-to-one
regressions with data from all three cultivars in comparison with only data from peach trees, it seems
that estimates of ΨL are robust throughout the season.
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Figure 5. (a–h) Relationships between observed and estimated ΨL for peach trees at different
phenological stages of the 2012 and 2013 growing seasons. Estimated ΨL has been obtained from the
calculation of CWSI using: (left) a common equation for all the season; and (right) equations for each
phenological stage. All relationships were significant (p < 0.0001).
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Figure 6. (a–c) Seasonal validation of the relationship between CWSI and leaf water potential (ΨL ) in
nectarine for the 2012 and 2013 growing season and Saturn peach trees for 2014 growing season. Data
obtained for peach trees has been added as standard comparison. All relationships were significant
(p < 0.0001).

Figure 7. (a–d) Relationships between observed and estimated ΨL for peach, nectarine and Saturn
peaches at different phenological stages using data from 2012 to 2014 growing seasons. All relationships
were significant (p < 0.0001).
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3.4. Minimum Pixel Size to Detect Water Stress
High resolution thermal imagery enabled the retrieval of pure tree crown pixels, while lower
spatial resolution has more chances to contain pixels with mixed information of canopy, shadows and
soil background, making it difficult to remotely estimate ΨL with sufficient precision.
The relationship between ΨL and CWSI tend to reduce R2 with increasing pixel size (Table 3).
Thermal mosaics with a pixel size of 0.15 and 0.30 m had the highest R2 . Also, the regressions between
measured and estimated ΨL for peaches and nectarines were well adjusted and had the lowest RMSE.
Contrary to results provided by Bellvert et al. [17] in grapevines, which indicated that a minimum
pixel size of 0.30 m was the optimum, it seems that for peach and nectarine trees, pixel size can be
higher. Pixel sizes from 0.60 to 0.80 m almost had not a negative effect on R2 , and the RMSE for those
pixel sizes only increased around 6% in comparison with pixels at 0.30 m. On the other hand, despite
pixels at 1.00 m pixel size having a significant relationship, the RMSE was too high. There was no
significant relationship between ΨL and CWSI from 1.20 m resolution.
Table 3. Comparison of the coefficients of determination (R2 ) of the relationship between ΨL (y) and
CWSI (x) for grapevines obtained by Bellvert et al. [17] and peach and nectarine trees at different spatial
pixel resolutions ranging from 0.15 to 2.00 m. R2 for peach and nectarine trees corresponded with data
from thermal images acquired on 1 and 15 June 2012. Ψest (y) from the ΨL vs. Ψest regression was
estimated from the equation corresponding with stage III (Ψest = ´1.171CWSI2 ´ 0.714CWSI ´ 0.805).
Grapevines

Peaches & Nectarines
ΨL vs. CWSI

ΨL vs. Ψest

Pixel Size (m)

R2

R2

Equation

Equation

RMSE

0.15
0.30
0.60
0.80
1.00
1.20
1.50
2.00

0.71
0.38
0.27
0.22
<0.10
0.28
0.29

0.76 *
0.75 *
0.66 *
0.65 *
0.56 *
0.28
0.11
<0.10

y = ´1.708 x2 + 0.194x ´ 0.993
y = ´1.669 x2 + 0.252x ´ 1.060
y = ´0.573 x2 ´ 0.707x ´ 0.883
y = ´0.249 x2 ´ 0.979x ´ 0.850
y = ´0.224 x2 ´ 0.743x ´ 0.908
y = ´ 0.742x ´ 0.997
y = ´ 0.468x ´ 1.089
-

y = 0.905x ´ 0.263
y = 0.942x ´ 0.187
y = 0.986x ´ 0.147
y = 1.053x ´ 0.044
y = 1.204x ´ 0.009
y = 0.808x ´ 0.586
y = 0.651x ´ 1.143
-

0.21
0.21
0.27
0.28
0.46
0.56
0.88
-

* Relationships were significant at p = 0.05 (SAS 2002).

3.5. Maps of Remotely Estimated ΨL
The information developed in this study enables the generation of maps of remotely sensed
leaf water potential (Ψest ) throughout a complete growing season. To carry this out successfully, the
seasonal relationships reported in this study must be taken into account. Figure 8 shows Ψest maps
of the peach and nectarine orchards at different phenological stages in the 2013 growing season.
The farmer applied two different irrigation strategies in different irrigation sectors: (i) Control,
full-irrigation throughout the growing season; and (ii) Regulated Deficit Irrigation (RDI), which
consisted on applying mild deficit irrigation during stage II and severe deficit during post-harvest.
During stage III, both irrigation sectors were fully irrigated. Ψest maps illustrated the spatial variability
across the orchard and the differences in crop water status between irrigation sectors. For instance,
those irrigation sectors under RDI had lower Ψest during stage II and post-harvest than the Controls.
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Figure 8. Maps of remotely sensed leaf water potential (Ψest ) at different phenological stages of
the 2013 growing season for a 2-ha peach (a–d) and 2.2-ha nectarine orchard (e–f). Two different
irrigation treatments were applied at irrigation sector level (full irrigation, CONTROL) and Regulated
Deficit Irrigation (RDI). Averaged Ψest values for each irrigation sector are indicated. The equations
applied to estimate Ψest from CWSI were the following: y = ´1.846x2 + 0.426x ´ 0.773 (stage II),
y = ´1.171x2 ´ 0.714 ´ 0.805 (stage III), and y = ´1.558x ´ 1.144 (post-harvest).

4. Discussion
To our knowledge, studies that published NWSB in heterogeneous crop surfaces are scarce. A
linear NWSB was developed in this study for peach trees using all season data of two following years
(Figure 2d). This NWSB was similar to those reported for other crops such as olive and sweet lime
trees, but completely different than other crops (Table 4 [5,20,21,34–37]). Mandarine and orange trees
were the only crops that reported a higher intercept of the NWSB than peach trees [21]. Therefore,
it seems that well-watered peach trees displayed a lower transpiration rate than most other crops,
leading an increase in Tc -Ta at a given VPD.
Table 4. Parameters of the NWSB (Tc -Ta = a¨ VPD + b) for different heterogeneous crops.
Species

Cultivar

a

b

Reference

Peach
Nectarine
Apple
Sweet lime
Pistachio
Olive
Mandarin
Orange
Grapevines

Royal Glory
Independence
Royal Gala
Swing
Kerman
Arbequina
Clemenvilla
Powell
Chardonnay

´1.71
´1.69
´3.90
´1.74
´1.33
´2.05
´0.50
´0.38
´1.39

3.87
0.68
1.00
3.61
2.44
3.97
4.06
4.58
2.16

This study
[34]
[35]
[36]
[20]
[37]
[21]
[21]
[5]

The relationship between Tc -Ta and VPD for well-watered peach trees presented a slightly
different phenological response due to the higher intercept in the stage II regression (Figure 2). This
implied that for a given increase in VPD, stage II had less transpirational cooling than stages III
and post-harvest. Morphological and hydraulic consideration on trees can explain part of these
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seasonal differences. For instance, it is well-known that maximum transpiration rates occurs just before
harvest, especially during the period of rapid fruit growth, and then drops off after the fruit has been
removed [38]. Despite this, we did not detect different responses between stage III and post-harvest
in the relationship Tc -Ta vs. VPD. Differences in water use may explain the dissimilarities between
stages II and III. However, despite significance in the phenology, differences were not very large and
did not have a negative effect on the estimation of CWSI. In fact, the relationships between CWSI and
ΨL at different phenological stages exhibited the same response either taking into account different
NWSB for each phenological stage or a common NWSB for the entire season (Figure 4). This means
that CWSI for peach trees can be easily estimated throughout a growing season using the same lower
and upper limits and without considering the phenological stage.

Figure 9. Relationship between stomatal conductance and (a) leaf water potential (ΨL ) and; (b) CWSI
in nectarines throughout the 2013 growing season. All relationships were significant (p < 0.0001).

A phenological effect was detected in the CWSI vs. ΨL relationships (Figure 4). These differences
may depend on osmotic potential and leaf turgor seasonal changes. Marsal et al. [26] reported
phenological differences for peach trees in osmotic leaf water potential at turgor loss point (Ψπ ˝ ), and
osmotic potential at full turgor (Ψπ 100 ). Both, Ψπ ˝ and Ψπ 100 trend to decrease as crops developed.
Therefore, this hypothesis may explain the phenological differences detected in the relationship
between CWSI and ΨL , where for a specific CWSI value, ΨL was more negative as the crop developed
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(Figure 4). A similar behavior was also reported in grapevines by Bellvert et al. [27]. In contrast to
post-harvest, the pre-harvest CWSI vs. ΨL relationships were curvilinear. This indicates a lower ΨL
sensitivity to CWSI in pre-harvest than in post-harvest stages. The reason for this curvature initiation
is due in part to progressive stomatal closure in response to ΨL at early stages. In fact, there was a clear
distinction between ΨL influences on stomatal conductance (gs ) in the different phenological stages
(Figure 9a). The relationship between ΨL and gs shows a progressive decrease in ΨL from a certain
threshold of gs at pre-harvest stages (stages II and III), while it is linear at post-harvest. The same
level of gs , corresponded to lower ΨL values at post-harvest than at pre-harvest stages. This indicated
a higher control of water loss during pre-harvest stages than post-harvest, which seems consistent
with the phenological sensitivity of gs to ΨL . ΨL at turgor loss from water (when gs approaches zero)
approached levels of ´3.0 and ´2.9 MPa respectively for pre- and post-harvest stages. These values
are in agreement with those reported by Marsal et al. [26] in peaches. The relationship between CWSI
and gs also indicated a different phenological response (Figure 9b). A specific gs corresponded with
lower CWSI values at pre-harvest than post-harvest stage. It has been reported that fruit removal
significantly decreases the net photosynthesis rate, stomatal conductance and transpiration rate, and
increased leaf temperature around midday [39]. Therefore, the higher CWSI values of post-harvest can
be explained because of the reduction on the transpiration rate and thereby leaf evaporative cooling.
4.1. Validations with Nectarine and Saturn Peach
One goal of this research was to find out if the relationship between CWSI and ΨL had the same
response among peach cultivars. This regression was also validated for nectarine in 2012 and 2013 and
for Saturn peach in 2014. Figure 6 shows that data collected for nectarine in two years agreed with
the seasonal CWSI-ΨL relationships of peach trees. Also, data of Saturn peaches followed the same
pattern. Although a slight decrease in the R2 was detected when data for three cultivars was pooled
in comparison to using only data for peach trees, the relationships were significant and R2 ranged
from 0.52 (stage II) to 0.78 (stage III) (Figure 6). Therefore, it seems that contrary to grapevines, where
differences between cultivars were detected [27], a common algorithm for each specific phenological
stage can be used to estimate ΨL in the three peach cultivars.
The one-to-one relationships between estimated and observed ΨL were again plotted using the
common algorithms for the three peach cultivars (Figure 7). Generally, despite these regressions
being less well fitted to 1:1 than the peach tree data (Figure 5), differences were not significant. The
corresponding regression of stage II had the poorest fitting (Figure 7a). It seems that ΨL values above
´1.0 MPa were difficult to estimate. This is because the CWSI-ΨL relationship at stage II is curvilinear
and there is little response of ΨL to changes of CWSI below the threshold of 0.3 (Figure 6). This might
make it difficult to estimate ΨL for well-watered peaches during the early season. The RMSE between
observed and estimated ΨL at different phenological stages ranged from 0.18 to 0.21 MPa. However, it
seems that the RMSE had a different response depending on ΨL , where trend to decrease as ΨL was
higher (Table 5). The overall relationship between averaged ΨL and RMSE for flights from all three
years was significant with a R2 of 0.91.
Table 5. Relationship between the Root Mean Square Error (RMSE) between observed and estimated
leaf water potential at different leaf water potential (ΨL ) ranges for the three Prunus persica L. cultivars.
ΨL Range (MPa)

RMSE

´2.0 to ´2.6
´1.6 to 1.9
´1.3 to ´1.8
´1.0 to ´1.2
´0.6 to ´0.9

0.26
0.25
0.22
0.18
0.18
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4.2. Minimum Pixel Size for Water Stress Detection
One of the limitations to successfully detect crop water status through thermal imagery is the
pixel size. In grapevines, it was demonstrated that the minimum pixel size is at least 0.30 m [17].
However, canopy area and width of grapevines is much less than in stone fruit trees. Therefore, it was
expected that peach and nectarine water status could be remotely detected at poorer spatial resolutions.
The results indicated that, in peach and nectarine trees such as those from this study (tree crown area
between 3.0 to 5.0 m2 ), it is necessary to obtain thermal images of at least 0.80 m pixel size (Table 3).
However, it is also important to mention that the accuracy increases as the pixel size decreases.
4.3. Monitoring Irrigation Based on Crop Water Status Maps
This study demonstrated that CWSI is a suitable indicator for water status monitoring in peach
and nectarine orchards in semi-arid conditions, and also for manage irrigation in precision agriculture.
The acquisition of Ψest maps for an entire growing season allowed farmers to identify spatial differences
in terms of water status and to carry out a more efficient differential irrigation management by either
identifying sensitive areas or by setting different thresholds for irrigation. It has also been demonstrated
that the adoption of RDI strategies can generate considerable water savings without having a negative
impact on yield. Therefore, the use of remotely sensed maps of Ψest appears as a valuable tool for
implementing RDI strategies in commercial orchards.
5. Conclusions
It was concluded that CWSI derived from remotely sensed thermal imagery is a suitable indicator
for water stress monitoring in peach species. This study demonstrated that calculation of CWSI in
Prunus Persica L. cultivars has not a different seasonal response and a common “non-water-stressed
baseline” can be used throughout the growing season. However, for remote estimations of ΨL it
is necessary to take into account the different seasonal CWSI-ΨL response. It is also important to
underline that estimations of ΨL are robust for different growing seasons and that it has the same
response in the three studied Prunus persica L. cultivars. Therefore, the applicability of these results
are presented as a promising and powerful tool for assessing variability of crop water stress in
heterogeneous crop orchards.
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