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Abstract: Efficient management of irrigation water is fundamental in agriculture to reduce the
environmental impacts and to increase the sustainability of crop production. The availability of
adequate tools and methodologies to easily identify the crop water status in operating conditions
is therefore crucial. This work aimed to assess the reliability of indices derived from imaging
techniques—thermal indices (Ig (stomatal conductance index) and CWSI (Crop Water Stress Index))
and optical indices (NDVI (Normalized Difference Vegetation Index) and PRI (Photochemical
Reflectance Index))—as operational tools to detect the crop water status, regardless the eventual
presence of nitrogen stress. In particular, two separate experiments were carried out in a greenhouse,
on two spinach varieties (Verdi F1 and SV2157VB), with different microclimatic conditions and
under different levels of water and nitrogen application. Statistical analysis based on ANOVA
test was carried out to assess the independence of thermal and optical indices from the crop
nitrogen status. These imaging indices were successively compared through correlation analysis with
reference destructive and non-destructive measurements of crop water status (stomatal conductance,
chlorophyll a fluorescence, and leaf and soil water content), and linear regression models of thermal
and optical indices versus reference measurements were calibrated. All models were significant
(Fisher p-value lower than 0.05), and the highest R2 values (greater than 0.6) were found for the
regression models between CWSI and the soil water content, NDVI and the leaf water content, and
PRI and the stomatal conductance. Further analysis showed that imaging indices acquired by thermal
cameras (especially CWSI) can be used as operational tools to detect the crop water status, since no
dependence on plant nitrogen conditions was observed, even when the soil water depletion was
very limited. Our results confirmed that imaging indices such as CWSI, NDVI and PRI can be used
as operational tools to predict soil water status and to detect drought stress under different soil
nitrogen conditions.

Keywords: optical imaging sensor; thermal camera; spectral imaging index; crop water status; crop
water stress prediction

1. Introduction

The knowledge of crop water status plays a role in many applications within biophysical, natural
and agricultural research fields. When agricultural research is taken into account, water stress is one
of the most important factors limiting the primary production and thus the quantitative yield [1].
An accurate knowledge of the crop water status can help farmers to manage irrigation in a more
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efficient way, reducing the water losses and the potential mobilization of nutrients and pesticides to
surface water and groundwater [2–4]. Visible-near infrared and thermal spectral sensing techniques
can be seen as useful tools to assess plant status rapidly and accurately, without the need for destructive
measurements and time-consuming analytical determinations. In particular, different eco-physiological
variables involved in plant water use processes can be investigated using thermal cameras that acquire
data in the Thermal InfraRed (TIR) region of the electromagnetic spectrum [5,6]. Indeed, a soil water
deficit causes a reduction in root water uptake and plant transpiration, and an increase of canopy
temperature. Research on thermal imaging started a few decades ago [7] and, since then, many studies
aimed to assess the crop water status by means of thermal images have been developed [8–10]. The
most used crop water stress index based on thermal data is the Crop Water Stress Index (CWSI), where
the temperature difference between well-watered and dry canopy is normalized using a proxy of the
evaporating power of the air above the crop [11]. Another widely adopted index based on thermal
data is the stomatal conductance index (Ig), originally proposed by Jones [12], whose value should be
directly related to the stomatal conductance (gs).

Although many studies demonstrated that thermal data is successful in detecting crop water stress,
several attempts have been also made to retrieve crop water status from reflectance data collected in the
Visible-Near InfraRed (VIS-NIR) regions of the spectrum by using optical sensors. Contrasting results
were obtained, especially concerning the ability of the optical indices (e.g., Normalized Difference
Vegetation Index (NDVI) and Photochemical Reflectance Index (PRI)) to identify the nature of different
crop stresses [13,14]. This is a relevant issue; indeed, different stressors may induce similar effects
on the canopy optical properties in the VIS-NIR region [15]. Some authors pointed out how spectral
measurements may record confounding effects in detecting nitrogen stress under water limiting
conditions and vice versa [16]. Water stress is known to change the spectral effects of the nutrient
deficiencies and it can reduce, or remove, specific spectral properties related to nitrogen stress [17],
e.g., lowering of the red light absorbance. Nitrogen availability can be associated with the greenness
of leaves [18], due to the relationship of the chlorophyll content (in particular chlorophyll a) with
the leaf nitrogen content; the chlorophyll content also affects the photosynthesis activity and the leaf
gas exchanges. Nevertheless, both soil moisture depletion and low nitrogen availability can drive
confounding effects on the canopy optical properties, possibly due to changes in canopy architecture,
to reflectance coming from the bare soil as well as to changes in the properties of leaves surfaces [19].

Since crops may undergo different stresses (e.g., nitrogen and water stresses), it may be crucial
to find and select diagnostic tools that are more sensitive to each specific stress type to enable the
development of operational decision support systems which can help the grower to manage water and
chemical inputs.

In greenhouse experiments, many variables governing the crop growth can be controlled, and
different scenarios of crop water and/or nutrient status can be configured and investigated. In fact,
it is possible to control the hydraulic proprieties of soil by choosing the substrate, select the optimal
sowing density, and adjust the microclimate by means of automatic cooling, heating, and lighting
systems. Moreover, water and nutrients applications may be scheduled, and soil water content and
plant nitrogen status may be accurately monitored. All these factors contribute to make the greenhouse
an optimal environment to investigate the effect of different types of stresses on spectral indices, and
to check which indices are better suited to detect a certain type of stress [20]. However, greenhouse
experiments may have some limits in different seasons, such as low light intensity during winter,
and a general tendency to high air relative humidity (low vapor pressure deficit (VPD)) which limits
leaf gas exchange. For this reason, an optimal climate control should be adopted to maintain all the
environmental parameters in proper ranges in spite of the season.

This study focuses on the evaluation of the ability of thermal and optical imaging sensing
applied to a spinach crop cultivated in greenhouse to detect crop water status under different nitrogen
application levels. Two experiments were setup with two varieties of spinach in two different periods
of the year. Statistical analysis based on the ANOVA test was carried out to assess the independence of
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thermal and optical imaging indices from crop nitrogen status. Afterwards, the thermal and optical
indices were compared with direct measurements of crop water status, obtained through destructive
and non-destructive techniques. Finally, correlation analysis and linear regressions between thermal
and optical indices and reference measurements were conducted to evaluate the ability of spectral
indices to monitor the crop water status and predict the crop water stress.

2. Materials and Methods

2.1. Experimental Setup

Two experimental campaigns were carried out on two different spinach (Spinacia oleracea L.)
cultivars grown in pots into a greenhouse of the Department of Agricultural and Environmental
Sciences at the University of Milan (Figure 1). In particular, in Experiment 1 (EX1), the spinach cultivar
Verdi F1 (ISI Sementi S.p.A., Fidenza, Italy), suitable for early-spring greenhouse growing, was selected.
During Experiment 2 (EX2), the SV2157VB cultivar (Seminis Seeds Vegetables) was grown due to its
suitability for spring–summer greenhouse production. The two cultivars have similar developmental
stages and canopy structure. The sowing dates were 28 January and 18 April, while the germination
dates were 4 February and 24 April, for the first and second cultivars respectively. The harvesting
dates were 20 March and 24 May, respectively, for the two cultivars.
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Figure 1. (a) Greenhouse external structure; and (b) disposition of counters, pots, lighting and
cooling systems.

The greenhouse is equipped with heating and cooling systems, as well as a lighting system with 28
High-Pressure Sodium (HPS) lamps emitting a light energy of about 400 W m−2 (1990 µmol m−2 s−1)
in the wavelength range 400–700 nm. An artificial photoperiod of about 16 h of light and 8 h of
darkness was setup during EX1 (from 14 March to 20 March), while the natural photoperiod (about
12 h of light and 12 of darkness) was setup during EX2 (from 18 May to 24 May). An integrated system
to measure the agro-meteorological variables inside and outside the greenhouse structure was used
to automatically manage the indoor microclimate by means of the heating/cooling control system.
In particular, measurements of air temperature, humidity and global radiation were registered by two
Davis Vantage Pro2 stations (one inside and the other outside the greenhouse placed on the roof).
Moreover, outside the greenhouse, wind velocity and direction are also measured by a digital cup
anemometer (Davis Instruments, Hayward, CA, USA).

The substrate of each pot (10 L of volume) consisted of 50% of silica sand with neutral reaction
(particles size 0.4–0.8 mm), and 50% of soil (sieved at 5 mm). An optimal amount of macro and
micro-nutrients (28 kg ha−1 of P2O5, 118 kg ha−1 of K2O, 9 kg ha−1 of Mg and 1 kg ha−1 of a balanced
mixture of micro-nutrients) was mixed with the substrate. The final substrate had the following
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characteristics: 52% sand, 39% silt, 9% clay, pH (water) 7.4, pH (KCl) 6.6, total nitrogen content
0.13%, total carbon 1.4%, nitrogen nitric 11.28 ppm, ammonia nitrogen 3.63 ppm, and bulk density
1.28 g cm−3. The substrate volumetric water content at the field capacity (−10 kPa) and at the wilting
point (−1500 kPa), as determined by a Richards’ apparatus over soil samples collected in three different
pots, was found to be respectively 0.14 m3 m−3 and 0.05 m3 m−3. A layer of 5 cm of expanded clay was
placed on the bottom of the pots, whereas a thin filter fabric with fine mesh was placed between the
substrate and the expanded clay to limit the drainage flow on the bottom of the pots and to separate
the two materials (i.e., substrate and expanded clay).

Four different levels of nitrogen (N0, N1, N2, and N3) were considered: (i) N0 was the not
fertilized treatment in both experiments; (ii) N1 was obtained in both experiments by decreasing of 50%
the nitrogen level set for N2; (iii) N2 in EX1 corresponded to the optimal level of nitrogen application
(66 kg N ha−1), as obtained from the generalized equation for the C3 cultivars [21], while N2 in EX2
corresponded to a doubled nitrogen rate with respect to the value calculated for EX1 (132 kg N ha−1):
the increased nitrogen level was applied in EX2 to achieve more marked effects on the crop nitrogen
status; and (iv) N3 was obtained in both experiments by increasing of 50% the nitrogen level set for N2.
Different numbers of pots were involved in the experiments: (i) N0: 2 pots in EX1 and 9 pots in EX2;
(ii) N1: 4 pots in EX1 and 9 pots in EX2; (iii) N2: 2 pots in EX1 and 9 pots in EX2; and (iv) N3: 4 pots in
EX1 and 19 pots in EX2.

The four nitrogen levels were combined with two irrigation treatments (W+, and W−):
(i) W+ considered optimal amount of water in both experiments (6 pots in EX1 and 16 pots in EX2);
and (ii) W− was obtained in both experiments with no water applied from a certain specific date until
the death of plants (6 pots in EX1 and 20 pots in EX2) to induce a water stress from mild to very severe.
For the treatment W+, pots were maintained in well-watered conditions, replacing daily the water
lost by evapotranspiration. The water replacement was performed by weighing each pot every day
(using a weighing balance with an accuracy of ±1 g), and replenishing the soil water content to the
field capacity value. Soil water content never dropped below the RAW (Readily Available Water),
assumed equal to 20% of the TAW (Total Available Water, defined as the difference between volumetric
water content at field capacity and wilting point), as reported in Allen et al. [22] for spinach crop.
For treatment W−, the water replacement was interrupted from 14 March for EX1, and from 18 May
for EX2. More information about the setup of the experiments are reported in [4]. In Table 1, this
information is briefly summarized.

Due to the differences in the spinach cultivars grown, in the greenhouse microclimatic conditions,
and in the nitrogen rates applied, the two experimental campaigns cannot be considered as replicates,
but they must be considered as independent experiments carried out on the same crop species.
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Table 1. Number of pots for the various combinations of nitrogen and irrigation treatments.

Experimental
Campaign (EX)

Cultivar Sowing
Date

Harvesting
Date

Sowing Density
(Plant/m2)

Start
Survey

End
Survey

Irrigation
Treatment

Number of Pots Total Number
of PotsN0 N1 N2 N3

1 Verdi F1 28 January 20 March 100 14 March 20 March
W+ 1 2 1 2

12W− 1 2 1 2

2 SV2157VB 18 April 24 May 200 18 May 24 May

W+ 2 2 2 2

36
W− 3 3 3 3
W+ 2 2 2 2
W− 2 2 2 2
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2.2. Reference Measurements to Assess the Crop Water Status

The thermal and optical imaging indices were compared with reference measurements known
from the literature to be suitable for crop water stress assessment, both non-destructive (volumetric soil
water content, stomatal conductance and chlorophyll a fluorescence) and destructive (water content
of aerial biomass). The reference measurements used in this study are summarized in Appendix A.
In EX1, only non-destructive measurements were performed, while in EX2 the pots were split in two
groups, separately intended for non-destructive and destructive measurements.

The volumetric soil water content (VWC) is directly related to the amount of water available for
plant uptake. For each pot, the volumetric water content of the soil at time t (VWCt) was calculated
from daily measurements of the pot weight, according to the following equation:

VWCt =
Pt·VWCt0

Pt0

(1)

where VWCt0 is the volumetric water content at field capacity, Pt0 is the weight of the pot at field
capacity (equal to 23.6 kg), and Pt is the weight of the pot measured at time t.

The stomatal conductance (gs) is a key variable in plants for photosynthesis and transpiration.
It was used as a reference measure of crop water status, according to Moller et al. [23]. It was measured
by a LICOR-1600 porometer (LICOR Industry, Lincoln, NE, USA) on the 5th–6th leaf of spinach plants,
since this stage is of interest for the fresh cut market. At this stage, leaves were fully developed and
with the optimal photosynthetic potential. The opening of the cuvette was set to 2 cm2. The gs value for
each pot was obtained as the mean value of three-four measurements on leaves of different plants [24].
The gs measurements were conducted immediately after thermal and optical acquisitions, to avoid
that the porometer’s clamp could significantly affect the leaf temperature.

In abiotic stress studies (e.g., drought and nitrogen deficiency), the chlorophyll a fluorescence
and the derived indices have been successfully used to assess the plant stress conditions [25–27].
In this study, chlorophyll a fluorescence was measured with the portable fluorometer “Handy-PEA”
(Hansatech, Norfolk, UK). Prior to the assay, the leaves were kept in the dark for 30 min in order to
remove all electrons from the photosystem II [28,29]. Measurements were then taken on the leaf surface
(4 mm diameter) exposed to an excitation light intensity (ultra-bright red light emitting devices (LEDs)
with a peak at 650 nm) of 3000 µmol m2 s−1 (600 W m2) emitted by three diodes. Fluorescence detection
was measured by fast response PIN photodiode with RG9 long pass filter. From the fluorescence
measurements, the following indices were calculated, according to Guidi and Calatayud [30]: the ratio
between the value of variable fluorescence (Fv) and the maximum chlorophyll fluorescence value (Fm),
representing the maximum quantum efficiency of Photosystem II (Fv/Fm), the Performance Index (PI),
and the number of active reaction centres per unit of leaf surface (RC/CSm). The Fv/Fm ratio is a reliable
indicator of the health status of the photosynthetic apparatus and gives information about variations of
the photon energy of the photosystem II, while PI is a global index of the physiological state [31]. The
value of these variables for each pot was obtained as the mean value of measures conducted on three
leaves of medium stage (5th and 7th) in the same pot, acquired before the porometer measurements.

The water content of aerial biomass (AGB_WC) is a well-known indicator of plant water status.
For each pot, AGB_WC was calculated from the determination of fresh (FW) and dry (DW) weights,
according Equation (2):

AGB_WC =
FW − DW

FW
× 100 (2)

To measure FW and DW, two plants for each pot were sampled every two days during EX2, with
the exception of the last date of acquisition, when all plants were collected. The sampled plants were
immediately weighed to determine FW. Successively, they were dried in a ventilated oven, with a
temperature initially set at 60 ◦C for 20 h, and then at 105 ◦C until plants reached a constant weight.
Finally, they were weighed to determine DW.

Measurements carried out for EX1 and EX2 campaigns are summarized in Appendix B.
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2.3. Optical and Thermal Indices to Assess the Crop Water Status

Four well-known vegetation indices, calculated from thermal and hyperspectral images, were
selected to detect crop water status conditions during the two experiments.

Thermal images were acquired during EX1 and EX2 by means of a thermal infrared camera
(TVS-200EX NEC Avio Infrared Technologies Co. Ltd., San Fernando, CA, USA) with a resolution of
640 × 480 pixels, operating in the range of wavelengths between 7.5 and 13 µm. The temperature
information within each pixel is expressed in Celsius degree, with a measurement resolution of 0.06 ◦C,
and an accuracy of ±1 ◦C. The thermal images were acquired during the hottest hours of the day (from
11:00 to 12:30), when the symptoms of crop water stress are likely to be most evident [32]. The thermal
camera was kept at a distance of about 40 cm from each pot, with an inclination of approximately 45◦

with respect to the horizontal plane. The crop emissivity was set to 0.96, according to Sugita et al. [33].
Two artificial references were used in order to normalize the measurements of temperature with respect
to the climatic conditions of the greenhouse. These references simulated the behavior of leaves in an
optimal hydration and fully open stomata status (“wet” reference, with temperature Twet) and in a
dehydration status (“dry” reference, with temperature Tdry). The references were made of green paper
(paper weight of about 200 g m−2), with rectangular size of about 28 cm2 [34]. The wet reference was
always saturated with distilled water before thermal camera acquisitions, whereas the other reference
was kept dry [35]. The references were attached to a background in white polystyrene which was
placed behind each pot, so that the camera shots included both crop and references. The thermal
images were manually processed, through the software IRT Analyzer 6.0 (Grayess Inc., Bradenton,
FL, USA), in order to separate the areas of interest (canopy and “wet” and “dry” references) from
areas showing other objects. For each image, a region of interest (RI), not necessarily of fixed size,
was selected; the parts of thermal images not including vegetation, such as pot’s, soil’s or counters’
portions, were excluded from the RIs. Afterwards, twenty points within each RI were selected, and the
average value of temperature obtained from these points was considered as the canopy temperature
for the specific pot (Tcanopy).

Thus, an index proportional to the leaf conductance for water vapor transfer (Ig) (Equation (3)), and
the Crop Water Stress Index (CWSI) (Equation (4)), were calculated. Both indices provide information
on crop water stress conditions, based on the acquisition of thermal images [11]. Specifically, the Ig

values range between 0 (condition of high crop water stress) and ∞ (condition of optimal crop water
status), even if maximum values shown in literature do not exceed 10–15 [36]; the CWSI values range
between 0 (condition of optimal crop water status) and 1 (condition of high crop water stress).

Ig =
Tdry − Tcanopy

Tcanopy − Twet
(3)

CWSI =
Tcanopy − Twet

Tdry − Twet
(4)

Hyperspectral images were acquired only during EX2. A hyperspectral imaging line scan sensor,
equipped with a Specim V10 spectrometer and a Basler PiA190032gm sensor (operating between
339 and 1094 nm with a wavelength step of 5 nm; DV, Padova, Italy) with active illumination, was
mounted on the top of a metal structure. Pots were placed underneath, over a cart moving linearly at
constant speed in the direction perpendicular to the line of acquisition in order to acquire an image of
the whole pot. A radiometric correction procedure was implemented according to Gowen et al. [37],
based on the acquisition of the reflectance spectra of a black target (i.e., a black cover on the sensor) and
of a white target (i.e., a white ceramic tile of known reflectance) at the beginning of every acquisition
date. Lastly, two optical vegetation indices were derived from the acquired hyperspectral images: the
Normalized Difference Vegetation Index (NDVI) and the Photochemical Reflectance Index (PRI). The
NDVI index (Equation (5)), which is the most commonly computed vegetation index, is sensitive to
the optical properties of the crop photosynthetic pigments [38]. It assumes values ranging from −1 to
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1, which describe crop conditions characterized by low to high chlorophyll content, and it is indirectly
related to crop health status. The PRI index (Equation (6)) is sensitive to the de-epoxidation state of the
xanthophyll cycle pigments and to the efficiency of photosynthesis [39]. Several studies demonstrated
that the sensitivity of PRI to the de-epoxidation state is affected by crop water stress conditions [40].
The PRI values range from 0 (healthy canopy) to 1 (stressed canopy).

NDVI =
R800 − R680

R800 + R680
(5)

PRI =
R570 − R530

R530 + R570
(6)

In Equations (5) and (6), Rx is the reflectance at the wavelength x expressed in nm, which is
measured through hyperspectral or multispectral sensors.

2.4. Analysis of Variance (ANOVA) and Regression Models

A preliminary ANOVA test was performed to compare the datasets (each of them including
reference measurements and spectral indices) collected during the two experiments (EX1 and EX2),
in order to verify whether, as expected due to the differences in spinach genotypes, greenhouse
microclimatic conditions and nitrogen applications, they shall be treated as independent. After such
verification, the two-way ANOVA test was performed to analyze the dependence of thermal and optical
indices, as well as of reference water status measurements, on water and nitrogen conditions. For each
experiment, data of the considered variable acquired at different times during the experimental
period were considered as replicates. The Shapiro–Wilk test was used to verify for each variable the
normality of the data sample, while the Bartlett test was used to verify the homogeneity of variance
(the non-parametric Fligner–Killeen test was used in alternative for non-normally distributed data
samples). The non-parametric Friedman test was performed instead of the ANOVA test only in cases
for which the hypothesis of normality and/or homogeneity of variance were not verified.

Variables proven to not be significantly dependent on the nitrogen status were selected. Only
for these variables, the correlation matrix between spectral indices and reference measurements
was computed. Finally, linear regression models (OLS) between spectral indices and reference
measurements were calibrated only for those couples of variables with a correlation coefficient higher
than 0.6 in absolute value; moreover, the determination coefficient (R2) was calculated, and the Fisher
test was carried out to assess the significance of the linear regression.

3. Results and Discussion

3.1. Greenhouse Microclimatic Conditions

The climatic conditions in the greenhouse during EX1 and EX2 were quite different. Inside the
greenhouse, the global incident radiation (due to external radiation and lighting system) was between
0 and 150 W m−2 during EX1, and between 0 and 200 W m−2 during EX2. Large differences between
indoor and outdoor temperatures occurred during EX1, with a temperature excursion of about 10 ◦C
(indoor and outdoor mean daily temperatures were about 20 ◦C and 10 ◦C, respectively). During
EX2, the temperature excursion decreased up to 5 ◦C (indoor and outdoor mean daily temperatures
were about 23 ◦C and 18 ◦C, respectively) due to the external temperature near the optimal values
for the growth of the spinach variety used in EX2 (between 15 ◦C and 20 ◦C). Finally, the relative
humidity, measured only inside the greenhouse, showed significant differences between EX1 and EX2,
the average daily valued being 43% and 58%, respectively, in the two experiments. The illumination
and the cooling/heating system inside the greenhouse assured a quite homogeneous environment,
avoiding marked differences in climatic conditions that could affect the crop growing.

Figure 2 shows the temporal behavior of the climatic variables hourly measured inside and outside
the greenhouse (only the last seven days of each experimental period was reported, to assure a clear
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graphical representation), and the daily pattern of the reference evapotranspiration (ETo). Figure 2a,c,e
refers to EX1, while Figure 2b,d,f to EX2. The hourly temperatures (Figure 2a,b) showed a marked
daily cycle during both experimental periods. In particular, the sinusoidal pattern of the temperatures
measured inside the greenhouse followed very well the pattern of the external temperatures, with
highest values in central hours of the day, and minimum values during the night time. The average
daily temperature measured inside the greenhouse was about 18 ◦C for both EX1 and EX2. The internal
global radiation (Figure 2c,d) showed a typical sinusoidal trend with the highest and lowest values
around midday and midnight respectively. The radiation inside the greenhouse reached a maximum
of approximately 200 W m−2 in both EX1 and EX2, while the external radiation reached maximum
values of 600 W m−2 in EX1 and 800–900 W m−2 in EX2. The difference between the internal and
external radiation values was likely due to the cover glass decreasing the incoming radiation. The
effect of the lamps is clearly visible in Figure 2c,d during early morning and evening hours, when the
external radiation was around zero.
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The daily values of the reference evapotranspiration (ETo), calculated according to the
Penman–Monteith equation as described in Allen et al. [22], are shown in Figure 2e,f, for the whole
periods of EX1 and EX2, respectively. ETo trend followed the pattern of the climatic variables. For
instance, the highest ETo value in EX1 (3.5 mm day−1) was on 5 March, when the daily values of
temperature and global radiation (respectively, 35 ◦C and approximately 650 W m−2) were maximum
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in EX1, and the value of relative humidity (below 20%) was minimum in EX1. Overall, ETo values
ranged between 1.5 and 3.5 mm day−1 in EX1 and between 2 and 3.5 mm day−1 in EX2.

A more detailed description of the microclimatic conditions in the greenhouse during EX1 and
EX2 can be found in Bianchi et al. [4].

3.2. Reference Crop Water Status Measurements

In this section, the behavior of the reference crop water status measurements during EX1 and
EX2 is described. Graphics are reported only for VWC, whose patterns for the two experiments,
highlighting a slope change in the curves, suggest approximate dates at which plant stress began.
Analogous patterns (even if in some cases with less evident slope changes) were found for the
other variables.

The VWC trends during EX1 and EX2 are shown in Figure 3a,b, respectively. For treatment
W+, the mean value of VWC is almost constant and equal to the field capacity value (0.14 m3 m−3).
Conversely, for treatment W−, the mean value of VWC progressively decreases from the day after
the interruption of irrigation up to values around 0.06 m3 m−3 and 0.04 m3 m−3 (close to the
wilting point, which was found to be 0.05 m3 m−3) respectively in EX1 and EX2. For W−, a
change in the decreasing gradient, which moves from a value of 0.02 m3 m−3 day−1 to a value of
0.005 m3 m−3 days−1 in both EX1 and EX2, occurs in the last days of the campaigns, precisely on
16 March (for all nitrogen treatments) in EX1, and on 20 May (for N0, N1 and N2) and 21 May (for N3)
in EX2. This change in slope can be seen as a change in soil water availability for plants, and thus as
a first symptom of plant stress. During the irrigation period, when soil moisture is around the field
capacity, the soil water extraction rate is constant under constant environmental conditions. However,
when irrigation is interrupted, on some days, the soil water content reaches a critical depletion level,
the root water extraction rate begins to decrease (and consequently evapotranspiration falls under the
potential rate), and the curve starts to flatten out. The point at which the slope change occurs is the
moment at which the plant stress begins. At that point, the soil water content depletion starts to be
greater than the RAW (Readily Available Water), which in our experiments seems to be higher than
0.2 TAW as reported in Allen et al. [22] for spinach. As suggested by Bockhold [41], the identification
of this point is important for irrigation management.

For treatment W+, the mean value of gs is around 0.4 cm s−1 and 0.6 cm s−1, respectively, for EX1
and EX2. For treatment W−, the mean value of gs decreases from the day after the interruption of
irrigation up to values around 0.1 cm s−1 (for all nitrogen treatments) in EX1, and 0.05 cm s−1 (for
N0 and N3) and 0.2 cm s−1 (for N1 and N2) in EX2. Values reached by gs for treatment W− in EX1
and EX2 are similar to those obtained by Downton et al. [42] on spinach, for a combination of salt and
water stresses. Recent studies reported that the gs in spinach under water stress ranged from 0.2 to
0.7 cm s−1 [26]. Moreover, many literature results on horticultural crops revealed a wide variability of
gs values (from 0.01 cm s−1 to 0.4 cm s−1) when water stress is occurring [43].

In the case of AGB_WC, measured only during EX2, the average value for treatment W+ is about
90% for all the nitrogen treatments. When the treatment W− is considered, AGB_WC decreases
reaching final values around 84% for all the nitrogen treatments.

The average values of PI, Fv/Fm and Rc/Csm in W+ during both EX1 and EX2 are respectively
2, 0.8 and 2500, while a weak decrease of about 5% with respect to the initial value occurrs in W−
for all the indices, regardless of the nitrogen treatment. Jalink and van der Schoor [44] showed that
when plants are subjected to abiotic stresses (such as water or nutrient depletion), photochemical
activity, measured by PI, Fv/Fm and RC/CSm indices, decreases due to processes of energy dissipation
in order to protect the photosynthetic apparatus from deterioration. The literature agrees that it is
difficult to define threshold values corresponding to the beginning of stress conditions suitable for all
the crops. Many authors, to recognize the beginning of a stress condition, refer to the change in the
trend evolution of these variables during the experimental campaign [45].



Sustainability 2017, 9, 1548 11 of 20
Sustainability 2017, 9, 1548  11 of 20 

 
(a)

 
(b)

Figure 3. Temporal trends of VWC respectively in: EX1 (a); and EX2 (b). Points represent the mean 
value over all the pots characterized by the same water and nitrogen treatments in different times, 
error bars represent the standard deviations of the pot measurements. 

3.3. Crop Water Status and Spectral Indices 

In this section, graphics illustrating the temporal trends of thermal and optical indices during 
EX1 and EX2 are shown. In particular, the graphics report the mean values of indices calculated for 
all the pots characterized by the same water and nitrogen treatments; the error bars indicate the 
variability (i.e., standard deviation) of the pot measurements. 

The CWSI behavior during EX1 and EX2 is shown in Figure 4a,c, respectively. The mean value 
of CWSI varies between 0.2 and 0.4 for treatment W+, while it increases up to about 0.9 for treatment 
W− in both EX1 and EX2. For W−, a huge increase occurs for N2 and N3, in both EX1 and EX2. An 
increase of the slope, particularly evident for N2 and N3, occurs on 15–16 March in EX1 and on 20 
May in EX2, as a consequence of the beginning of the crop water stress condition (refer to Section 3.2 
for a discussion on the slope change in the VWC curve). 

The Ig trends during EX1 and EX2 are shown in Figure 4b,d, respectively. The mean value of Ig 
decreases for both W+ and W−, probably due to the plant growth. However, for all nitrogen 
treatments, the Ig values for W− decrease more rapidly than in the case of W+. Moreover, for W−, a 
change in the value of the decreasing slope occurs again during 15–16 March for EX1, and during 20–
21 May for EX2. 

In general, we can observe that both CWSI and Ig considerably increase when soil water 
depletion becomes pronounced. Moreover, CWSI and Ig dynamics, similar in both experiments and 
for all treatments, seem to be strongly related to the patterns of soil water content, leaf water content 
and stomatal conductance. The maximum value of CWSI reached in this study is similar to that 
obtained over stressed plants of different species by Yu et al. [46]. The literature does not provide a 
specific value of CWSI for an irreversible water stress condition, but it widely agrees that soil water 
scarcity jeopardizes the physiological response of plants when CWSI is greater than 0.85 [47]. 
  

Figure 3. Temporal trends of VWC respectively in: EX1 (a); and EX2 (b). Points represent the mean
value over all the pots characterized by the same water and nitrogen treatments in different times, error
bars represent the standard deviations of the pot measurements.

3.3. Crop Water Status and Spectral Indices

In this section, graphics illustrating the temporal trends of thermal and optical indices during EX1
and EX2 are shown. In particular, the graphics report the mean values of indices calculated for all the
pots characterized by the same water and nitrogen treatments; the error bars indicate the variability
(i.e., standard deviation) of the pot measurements.

The CWSI behavior during EX1 and EX2 is shown in Figure 4a,c, respectively. The mean value of
CWSI varies between 0.2 and 0.4 for treatment W+, while it increases up to about 0.9 for treatment W−
in both EX1 and EX2. For W−, a huge increase occurs for N2 and N3, in both EX1 and EX2. An increase
of the slope, particularly evident for N2 and N3, occurs on 15–16 March in EX1 and on 20 May in
EX2, as a consequence of the beginning of the crop water stress condition (refer to Section 3.2 for a
discussion on the slope change in the VWC curve).

The Ig trends during EX1 and EX2 are shown in Figure 4b,d, respectively. The mean value of
Ig decreases for both W+ and W−, probably due to the plant growth. However, for all nitrogen
treatments, the Ig values for W− decrease more rapidly than in the case of W+. Moreover, for W−,
a change in the value of the decreasing slope occurs again during 15–16 March for EX1, and during
20–21 May for EX2.

In general, we can observe that both CWSI and Ig considerably increase when soil water depletion
becomes pronounced. Moreover, CWSI and Ig dynamics, similar in both experiments and for all
treatments, seem to be strongly related to the patterns of soil water content, leaf water content and
stomatal conductance. The maximum value of CWSI reached in this study is similar to that obtained
over stressed plants of different species by Yu et al. [46]. The literature does not provide a specific
value of CWSI for an irreversible water stress condition, but it widely agrees that soil water scarcity
jeopardizes the physiological response of plants when CWSI is greater than 0.85 [47].
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in EX2 (c,d); and NDVI and PRI in EX2 (e,f). Points represent the mean value over all the pots
characterized by the same water and nitrogen treatments in different times, error bars represent the
standard deviations of the pot measurements.

The trends of optical vegetation indices during EX2 are shown in Figure 4e,f. For all the nitrogen
treatments, the NDVI value (Figure 4e) is quite constant for W+, while it decreases up to 0.84 for
W−. The PRI index appears characterized by some variability for both water treatments, but an
evident decrease of the index occurs in W− for all the nitrogen levels (Figure 4f). Both vegetation
indices show a change in the slope of the temporal pattern on 20 May, according to the behavior of
the reference measurements and of the thermal indices. In general, NDVI shows a clearer trend and
a lower variability in pot measurements when compared to PRI. These findings suggest that in the
experiment water stress affected the canopy structure more than nitrogen status, probably due to the
wide range of water status conditions explored, not commonly found in open field, resulting in a large
variation of the leaf area index related to the NDVI [19,48].

3.4. The ANOVA Results

The preliminary ANOVA test performed to compare data collected during EX1 and EX2 confirmed
that the datasets are different for all the considered variables (reference measurements and spectral
indices), with a significance level p < 0.05. For that reason, the successive two-way ANOVA test
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was separately applied to the dataset of each experiment. In particular, the two-way ANOVA test
was carried out for each variable (reference variable or spectral index) of a dataset, to evaluate its
dependency on water and nitrogen status. Firstly, the complete dataset including the values of the
considered variable measured at all the acquisition times during the experimental period, for all
the water and nitrogen treatments, was analyzed. Secondly, in order to consider a range of water
status conditions more commonly explored in irrigated agriculture, the ANOVA test was repeated
on a dataset composed by the values of the considered variables measured from the beginning of the
experiment to the date at which the soil water content is supposed to fall below the RAW (16 March
for EX1, and 21 May for EX2). In conclusion, four two-way ANOVA tests were carried out for each
variable (two ANOVA tests for the variables measured only in EX2) and, for each dataset separately,
the hypotheses of normality and homogeneity of variance were verified.

The two-way ANOVA results obtained considering the complete datasets are shown in Table 2.
Only the reference variables Fv/Fm and RC/CSm in EX1 show a significant dependence on the nitrogen
status; however, Fv/Fm also depends on the crop water condition. For all the other variables, the
behavior is independent from the crop nitrogen status. Among these variables, PI and Ig do not show
significant variability due to the irrigation treatment in the case of EX1. The results suggest that PI,
among the three fluorescence indices examined, is probably the more dependent on water status, being
at the same time independent on the plant nitrogen status. The behavior of Fv/Fm and RC/CSm may
be due to the difficulty of these indices to distinguish the effects of multiple stresses (i.e., nitrogen plus
water). The NDVI index shows a significant variability due to crop water status, as the PRI index,
while it seems to be insensitive to differences in nitrogen status. These results are probably conditioned
by the wide range of water status conditions considered. The severe water stress level reached in the
experiment EX2 induced effects on the canopy structure more evident than those due to nitrogen stress.
In the literature, the dependency of NDVI and PRI on the crop water status is well known, exhibiting
a decreasing value of NDVI and PRI in water stressed crops compared to well-irrigated ones [38].
This fact may be explained by the effects of water stress on the xanthophyll pigment cycle production
levels [48], determining a decrease of both indices when water stress becomes more evident.

Table 2. Two-way ANOVA test conducted separately for EX1 and EX2; p-values are reported.
During each experiment, data acquired in different times are considered as replicates and the entire
experimental period is taken into account.

Measurement Symbol Irrigation Treatment (W) Nitrogen Treatment (N)

EX1 EX2 EX1 EX2

Reference
Variables

VWC <0.05 * <0.05 * ns * ns *
gs <0.001 <0.05 * ns ns *

Fm/Fv <0.1 <0.1 <0.001 ns
PI ns * <0.05 * ns * ns *

RC/Csm ns ns <0.001 ns
AGB_WC nd <0.05 nd ns

Vegetation
Indices

CWSI <0.1 <0.05 * ns ns *
Ig ns * <0.05 * ns * ns *

NDVI nd <0.01 nd ns
PRI nd <0.1 nd ns

nd = not determined; ns = not significant; * = Friedman test.

The two-way ANOVA test was repeated considering data monitored from the beginning of the
experiments to 16 March for EX1 and 21 May for EX2. Results show that reference variables VWC and
gs maintain their independence from the nitrogen treatment in both the experimental campaigns. The
same result is found for the thermal indices CWSI and Ig. All fluorescence indices, Fv/Fm, RC/CSm,
and PI, show a similar behavior, with a variability explained only by the nitrogen status; thus, in the
limited range of soil water content considered, none of them seems to depend on the water treatment.
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AGB_WC, measured only in EX2, is found to depend on both water and nitrogen treatments. With
respect to optical indices measured in EX2, NDVI shows a significant variability due to both the
treatments (reduced range of soil water content was considered), while PRI is still independent from
the nitrogen status.

3.5. Regression Analysis

Correlation matrices of spectral indices with respect to reference measurements were calculated
considering the W− datasets, for EX1 and EX2. Due to their irrelevant dependence on crop water
status, Fv/Fm and RC/CSm were excluded from the analysis. The results for EX1 and EX2 are shown
in Table 3. The highest correlations (coefficient greater than 0.60 in absolute value) are found between
spectral indices and VWC, gs and AGB_WC (except for the Ig index, for which the correlation coefficient
with AGB_WC is equal to 0.50). Particularly, CWSI is negatively correlated with VWC, gs and AGB_WC;
indeed, the decrease of VWC induces a decrease of AGB_WC, a stomatal closure (decrease in gs) with
a consequent increase of crop surface temperature and CWSI. Conversely, Ig is positively correlated
with VWC, gs and AGB_WC. NDVI and PRI are positively correlated with VWC, gs and AGB_WC;
specifically, crops in water stress conditions are characterized by lower values of NDVI and PRI.
Moreover, NDVI and PRI show high correlations (coefficient greater than 0.60 in absolute value) with
CWSI and Ig (the Ig index only with PRI). Finally, only PRI is found to have high correlation with PI.

Table 3. Correlation matrix of spectral indices and reference water status measurements. Results for
EX1 (above) and EX2 (below) are reported.

EX1

Thermal Indices Optical Indices Reference Variables

CWSI Ig NDVI PRI VWC gs PI AGB_WC

Thermal
Indices

CWSI 1 −0.84 - - −0.79 −0.69 −0.04 -
Ig 1 - - 0.75 0.60 0.20 -

Optical
Indices

NDVI 1 - - - - -
PRI 1 - - - -

Reference
Variables

VWC 1 0.81 0.23 -
gs 1 0.37 -
PI 1

AGB_WC 1

EX2

Thermal Indices Optical Indices Reference Variables

CWSI Ig NDVI PRI VWC gs PI AGB_WC

Thermal
Indices

CWSI 1 −0.7 −0.66 −0.7 −0.83 −0.78 −0.22 −0.75
Ig 1 0.38 0.65 0.75 0.81 0.47 0.50

Optical
Indices

NDVI 1 0.74 0.80 0.64 0.23 0.95
PRI 1 0.74 0.82 0.63 0.78

Reference
Variables

VWC 1 0.90 0.33 0.85
gs 1 0.40 0.70
PI 1 0.29

AGB_WC 1
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The first interesting result obtained is the good correlation between thermal indices and reference
measurements for both experiments. This confirms that the two indices, but particularly CWSI, can
be considered as a proxy of the most commonly adopted (and most costly in terms of time) reference
variables for the assessment of crop water stress; thus, they may offer a valid alternative to conventional
methods to support the irrigation management. The close correlations found between CWSI, VWC
and gs agree with what reported in the literature for other crop species [49]. Moreover, NDVI and PRI
also show a good correlation with the reference variables, although in this case measurements were
available only for EX2. These results support the potential use of NDVI and PRI to assess crop water
stress, mainly in situations in which the in-field crop variability depends more on differences in water
status than in nitrogenous status.

Linear regression models were calibrated for spectral indices with correlation coefficients greater
than 0.60 in absolute value with respect to reference variables. The linear regression models for the
thermal indices (CWSI and Ig) versus the reference variables VWC, gs and AGB_WC were calibrated
with data collected during EX1 and EX2 separately (Figures 5 and 6, respectively). The linear regression
models for the indices NDVI and PRI versus the reference variables VWC, gs and AGB_WC were
calibrated with data relative to EX2 (Figure 6). All these regression models, except for the model of Ig

versus gs in EX1, are significant (p-value of the Fisher test lower than 0.05).
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In many cases, R2 is greater than 0.5 (value up to 0.69). The highest R2 values occur for the
regression models between CWSI and VWC (0.62 in EX1 and 0.69 in EX2), and NDVI and AGB_WC
(0.91), as well as among PRI, Ig and gs (respectively 0.67 and 0.65 in EX2).

The regression model between CWSI and VWC, for EX1 and EX2, shows high correlation
coefficient and very similar parameters in the case of the two experimental campaigns (despite the
differences that characterize them), thus proposing itself as a good prediction model for the spinach
crop water status. PRI and Ig confirmed to be the best indicators for stomatal conductance among the
tested indices, according to literature [50,51]; anyway, the parameters of the linear model between Ig

and gs are not so stable for the two campaigns like those between CWSI and VWC, and in the case of
PRI and gs only data acquired in a single campaign are available.
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The high determination coefficient found for the regression between NDVI and AGB_WC
confirmed the possibility to use NDVI as an indicator for the crop water content in situations when
the variability in term of water status conditions is known to be more important with respect to that
due to the difference in nitrogen status. In fact, for soil water contents higher than the water stress
threshold, the two variables are shown to depend on both stress factors.
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4. Conclusive Remarks

The aim of this research was to assess the reliability of indices derived from spectral imaging
techniques—thermal indices (Ig and CWSI) and optical indices (NDVI and PRI)—as operational tools
to detect and predict water stress in spinach, regardless of the in-field nitrogen condition. To test their
ability to reach this goal, two separate experiments (EX1 and EX2) were carried out in a greenhouse,
on two spinach varieties (Verdi F1 and SV2157VB), with different microclimatic conditions and under
different levels of water and nitrogen application. Common reference variables describing soil and
crop water status condition (VWC, gs, fluorescence indices, and AGB_WC) were moreover measured.

The ANOVA test allowed to establish the independency of VWC, gs, CWSI and Ig from the
nitrogen status, whatever the range of soil water content explored. Among the fluorescence indices,
only PI showed to be independent from the nitrogen status when a soil water content ranging between
field capacity and wilting point was taken into account, but its dependence on the nitrogen level
became predominant when the water content was limited between field capacity and the water stress
threshold. AGB_WC and NDVI were shown to depend only on soil water status when the wider range
of soil water content was considered, and on both water and nitrogen conditions in the case of the
more restricted soil water content range.
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High correlation coefficients and good linear regression models were found between the spectral
indices and the reference variables. In particular, the most significant linear regression models were
found between CWSI and VWC (R2 of 0.62 and 0.69 in EX1 and EX2), between Ig and gs (R2 of 0.57 and
0.60 in EX1 and EX2), between PRI and gs (R2 of 0.67 in EX2), and between NDVI and AGB_WC (R2 of
0.69 in EX2).

In the particular case of spinach grown in greenhouse, this work shows that, for the two
investigated varieties, thermal indices derived from high resolution thermal images (especially CWSI)
can be seen as an adequate operational tool to monitor the crop water status, since no dependence
on plant nitrogen conditions was observed. The optical index PRI derived from high resolution
hyperspectral images showed a good potential to be used for the same purpose, while NDVI may be a
valuable index for the assessment of severe water stress conditions: in fact, only in this case, the water
depletion was shown to induce effects on the canopy more evident than those due to the nitrogen
deficiency. Anyway, in the case of optical indices, our findings were based on a single experiment.

The findings of this research may also be useful for open field applications, to derive crop water
status information from spectral indices obtained by thermal and multispectral devices mounted on
support structures or mobile platforms moving in the field, or on an unmanned aerial vehicle (UAV).
In particular, applications could be developed to improve the irrigation scheduling, or to deliver a
variable rate irrigation within a single field. Nevertheless, some difficulties to extrapolate the results of
this work to open field could be due to the different climatic conditions, sowing density and nitrogen
levels affecting the physiological feed-back to the water stress.
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Appendix A

Table A1. List of destructive and non-destructive measurements in the experimental campaigns EX1
and EX2.

Type of Measurement Instrument Variable Symbol

Reference measurement

Non-destructive measurement Weighing balance Volumetric Water Content VWC
Porometer Stomatal conductance gs

Fluorimeter Maximum Fluorescence Fm/Fv
Performance Index PI

Active reaction centres Rc/Csm
Destructive measurement on

leaf sample Weighing balance and oven Water content of aerial biomass AGB_WC

Stress index

Non-destructive proximal
sensing measurement Thermal camera Crop Water Stress Index CWSI

Stomatal conductance Index Ig

Hyperspectral apparatus Normalized Difference Vegetation
Index NDVI

Photochemical Reflectance Index PRI
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 Fluorimeter Maximum Fluorescence  Fm/Fv 
  Performance Index  PI 
  Active reaction centres Rc/Csm 

Destructive measurement on leaf sample Weighing balance and oven Water content of aerial biomass AGB_WC 
Stress index    

Non-destructive proximal sensing 
measurement 

Thermal camera Crop Water Stress Index CWSI 

  Stomatal conductance Index Ig 

 Hyperspectral apparatus 
Normalized Difference 

Vegetation Index NDVI 

  
Photochemical Reflectance 

Index 
PRI 

Appendix B 

 

Figure A1. Calendar of measurements carried out during the experimental campaigns EX1 and EX2. Figure A1. Calendar of measurements carried out during the experimental campaigns EX1 and EX2.
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