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Abstract: This study evaluates the performance of structural, chlorophyll-based, and photochemical
indices to detect maize water status and to assess production based on five years of field experiments
(2013–2017) during the primary growth stages. We employed three categories of indicators,
including water condition and productive and thermal indicators, to quantify the responses of
summer maize under continuous water stress from drought to waterlogging conditions. Furthermore,
we adopted several spectral indices to assess their sensitivity to three categories of metrics. The results
showed the association is the best between the treatment level and Leaf Water Content (LWC).
The waterlogging treatment influenced Leaf Water Potential (LWP) in moderate drought stress.
Severe drought stress caused the strongest reduction in productivity from both Leaf Area Index (LAI)
and chlorophyll content. In terms of sensitivity of various indices, red-edge-position (REP) was
sensitive to maize water conditions LWP, LAI and chlorophyll content. Photochemical Reflectance
Index (PRI) and Normalized Difference Vegetation Index (NDVI) were the most and second most
sensitive indices to productive indicators, respectively. The results also showed that no indices were
capable of capturing the information of Crop Water Stress Index (CWSI).
Keywords: summer maize; drought; waterlogging; spectral indices; crop water stress index

1. Introduction
Maize (Zea mays L.) is cultivated world-wide, and its yield ranks second after rice on the
world crop production list. Maize is one of the most versatile crops and plays an important role
in the food, economy, industry, and energy sectors. China is one of the highest maize-producing
countries in the world, yielding 215.8 million tons in 2014, which contributed to 20% of the global
maize production [1]. Despite these high yields, higher yields of maize will be needed in the next
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50 years to overcome population expansion, as well as environmental and economic constraints [2].
Considering the genetic characteristics, maize is more sensitive to various environmental stresses under
the background of climate change [3]. Under these stresses, a reduction in yield often occurs after the
whole growth period [4]. Crop water status is heavily controlled by soil moisture, which is one of the
most important environmental stresses in each growth period of maize. The excess (waterlogging
stress) and shortage (drought stress) conditions of soil moisture inhibit healthy crop growth and
eventually cause a reduction of yield. However, climate change is likely to accelerate the spatial
patterns of droughts and floods and may increase the occurrence and magnitude of droughts and
floods in the near future [5].
Vegetation indices based on crop spectral information offer an effective and rapid method to
detect crop water status and assess productivity by a high-resolution remote sensing technique [6].
Various categories of vegetation indices have been proposed to capture different crop information
in the last decade. The traditional index primarily focuses on one characteristic, the Normalized
Difference Vegetation Index (NDVI), that can detect canopy characteristics. A NDVI value of 1 would
mean densely vegetated area and −1 would mean little or no vegetation, theoretically. However,
the NDVI will be saturated when the canopy is in a dense state and the NDVI value would not
change even if the canopy got denser, since the red reflectance is almost unchanged, while the near-IR
is increasing. In contrast, a sparse canopy cannot cover the background information, which leads to
NDVI inaccuracy [7]. Another traditional index, the Renormalized Difference Vegetation Index (RDVI),
optimized by Rondeaux et al. [8], uses a modification in the denominator of NDVI, which has been
demonstrated to improve the index sensitivity and expand the density range of application [9].
The traditional vegetation indices were not capable of detecting photosynthetic pigment levels
in most cases. In such cases, the chlorophyll-based indices were built. Kim et al. [10] proposed a
Transformed Chlorophyll Absorption in Reflectance Index (TCARI) that reduced non-photosynthetic
background noise when the chlorophyll concentration and absorbed photosynthetically active radiation
were critically evaluated. The advantage of TCARI is that it alleviates the low Leaf Area Index
(LAI) [8]. Furthermore, Haboudane et al. [11] integrated an index to form the TCARI/OSAVI,
which normalized TCARI by the Optimized Soil-Adjusted Vegetation Index (OSAVI) for increasing
sensitivity to chlorophyll content and minimizing background and LAI effects. Another widely used
chlorophyll-based index is red-edge-position (REP), which is defined as the wavelength when the
first derivative of the spectral reflectance between red and near-infrared (NIR) reaches its maximum,
usually at approximately 720 nm. It has been extensively used to estimate chlorophyll content [12],
crop yield [13], above ground nitrogen uptake [14], and stress conditions [15], as well as to reduce
the influence of the sensor view angle, and varying soil and atmospheric conditions [16]. The REP
can shift the outcome from the chlorophyll content. The REP shifts towards a shorter wavelength
(blue-shift) when green vegetation density decreases, while it shifts towards a longer wavelength
(red-shift) when green vegetation density increases [7]. The Triangular Vegetation Index (TVI) [17] is
also widely used to assess the chlorophyll content in terms of the triangle area shaped by the peaks of
red and near-infrared and the green valley from the reflectance curve. The valley of reflectance in red is
caused by chlorophyll absorption, and the peak in the near-infrared band is caused by multi-reflection
of the leaf tissue. Thus, the chlorophyll absorption and the leaf tissue abundance can increase the
triangle area. Nevertheless, the TVI is a non-monotonic function of chlorophyll content. This index
increases with chlorophyll content before it reaches the threshold, and the TVI decreases when the
chlorophyll content increases [7].
Gamon et al. [18] presented a narrow-band index, the Photochemical Reflectance Index (PRI),
based on the xanthophyll cycle pigment states. In addition, the PRI can effectively capture the
information of emitted leaf fluorescence, photosynthesis, and many other physiological processes [19].
Although the applicability of PRI has been already demonstrated, there are still a number of existing
barriers to prevent the further application of PRI, including background diversification (different
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soil types, moisture, and the other non-vegetation area) and the influence of atmospheric factors
(illumination condition) [20].
Currently, most of the studies have concentrated on a single plant’s physiological and productive
impacts from drought [21] to waterlogging [22] separately. However, it would be difficult to quantify
the impact of both drought and waterlogging stresses on maize from previous research since the variety,
soil type, and climate conditions may vary in different studies. Thus, the quantitative response of
summer maize under continuous water stress levels from drought to waterlogging is still uncertain,
showing a potential knowledge gap in the existing literature [23]. Furthermore, the applicability of
various vegetation indices on detecting impacts of continuous water stress on summer maize has
received more and more attention in recent decades [6,8,9,13]. In the present study, three categories
of metrics including water condition indicators (Leaf Water Content (LWC) and Leaf Water Potential
(LWP)), the productive indicators (LAI and chlorophyll content), and the thermal indicator (Crop
Water Stress Index (CWSI)) were employed to quantify the responses of maize under continuous
water levels, ranging from drought to waterlogging. Moreover, we assessed the performance of several
spectral indices in this study, focusing on structural, chlorophyll-based and photochemical indices to
detect maize water status and production condition. We also evaluated the performance of NDVI,
RDVI, REP, TCARI/OSAVI (TO), TVI and PRI to detect each metric and decide the best indices for the
different metrics by sensitivity analysis. The objectives of this study were to explore the responses of
maize under continuous water stress levels from drought to waterlogging, to evaluate the relationship
between maize responses, to investigate the operational use of different categories of vegetation indices
to monitor water status and thermal condition and to assess productivity.
2. Materials and Methods
2.1. Site Description
Field experiments were conducted at an agro-meteorological experimental station of Nanjing
University of Information Science and Technology (NUIST), Jiangsu province, China (32.0◦ N, 118.8◦ E)
during the 2013–2015 maize growing seasons (Figure 1). The study area is located in the typical
subtropical monsoon climate zone which is susceptible to extreme climate events [24].

Figure 1. Location of the study area shows the experimental site. The maps were generated using
ArcGIS 9.3 (http://www.esri.com/software/arcgis/arcgis-for-desktop) and vector layer information
was from the National Geomatics Center of China (http://zhfw.tianditu.com/). The elevation dataset
was provided by Shuttle Radar Topographic Mission (SRTM) website [25].

A complete randomized plot design with four treatments repeated within three blocks was
employed in this experiment. The size of each plot was 2.5 m × 2.5 m × 1.5 m that was isolated by
reinforced cement concrete to prevent soil moisture lateral seepage. Forty seeds were planted in each
plot into 5 rows and 8 columns, the row length was 2.5 m, the row space was approximately 0.42 m,
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and the place space was approximately 0.28 m. The maximum field capacity (FC) of all plots was up
to 27.57% and the wilting humidity was 11.0%. The soil texture was mainly loamy clay with 26.1%
clay content. The pH value of the soil was 6.1 ± 0.2. The content of organic carbon and total nitrogen
were 19.4 g·kg−1 and 11.5 g·kg−1 , respectively. All plots were covered under an auto-rain-shelter.
The seed type of maize was Jiangyu 403 and the soil moisture was controlled at approximately
80–90% FC for a healthy growth condition at the beginning stage. The four treatments were carried out
from jointing completion to the end of the experiment by controlling soil moisture at four continuous
levels: severe drought (W1, 56–60% FC), moderate drought (W2, 65–75% FC), well-watered (W3,
80–90% FC), and mild waterlogging (W4, 95–105% FC).
The meteorological conditions in three primary growth stages of maize (vegetative growth (ST1),
reproductive stage (ST2) and maturity (ST3)) are demonstrated in Figure 2. The conventional
meteorological data recorded by the automatic meteorological station and the radiation data were
recorded at an agro-meteorological observation station. As shown in Figure 2a, it was observed
that the temperature and net radiation reached the peak at the late vegetation growth stage in 2013,
and later declined with fluctuation in other stages. Precipitation was evenly distributed in each stage,
while most of the days were sunny. In 2014, the temperature and net radiation reached their
peaks at the middle of the vegetation growth stage, and then showed a fluctuated decline in the
maturity stage (Figure 2b). The precipitation was frequent during the late vegetative growth and
the reproductive stages, while sunny days were less frequent in 2014 than in 2013 and 2015. In 2015,
as Figure 2c, it is observed that the temperature and net radiation reached their peaks at the middle
of the vegetation growth stage and showed a fluctuated decline in other stages. The precipitation
was frequent during vegetative growth and the early maturity stages, while most of the days were
sunny in 2015. In 2016 and 2017, as Figure 2d,e, the temperature and net radiation also reached their
peaks at the middle of the vegetation growth stage and showed a fluctuated decline in other stages.
The precipitation was mostly in the early vegetative growth stage and late maturity stage in 2016,
but more frequently in 2017 the most precipitation came during the middle vegetative growth stage to
the maturity stage.

Figure 2. Meteorological conditions during the main growth stages of maize during 2013–2017. (a–e) for
2013, 2014, 2015, 2016, 2017 respectively.
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2.2. Moisture Control and Field Measurements
The soil moisture monitoring and the irrigation were implemented automatically in this
experiment. The soil moisture was monitored by moisture sensor (SMART, Sentek Sensor Technologies,
Stepney, Australia) at depths of 10, 20, and 50 cm every 60 min at the center of each plot, which was
collected by a data logger (CR1000 Measurement and Control System, Campbell Scientific, Logan, UT,
USA) in order to manipulate the irrigation schedule and amount. The drip irrigation was implemented
by PVC pipes with small holes connected with the data logger. At the same time, an oven-drying
method was adopted manually at the same depths to calibrate the data sensor every 10 days during
the experimental period (2013–2015).
The field measurements were carried out from 8:00 am to 17:00 pm on the observation days,
which were chosen on sunny days during each growth stage. Considering the accuracy, the chlorophyll
content was extracted by an ethyl alcohol method [26]. The LAI was measured by Plant Canopy
Analyzer (LAI 2000, LI-COR Inc., Lincoln, NE, USA), once per observation. The LAI was measured
at five locations inside the plot, four near the sides and one at the center, and then an average of the
five measures represented the plot. The leaf water potential was measured by Dew Point Potential
Meter (WP4, Decagon Devices Inc., Pullman, WA, USA) every two hours on the observation day.
Three representative flag leaves of each treatment were collected randomly for immediate water
potential measurements to avoid the excised water loss. The LWC was calculated from fresh weight
(W1) and dry weight (W2) from leaves, defined by the following formula [27]:
LWC =

W1 − W2
× 100%
W1

(1)

Hourly canopy temperature was measured symmetrically by a hand-held infrared thermometer
with a 5◦ field of view (ST80, RAYTEK, Everett, WA, USA). Representative sun leaves in four corners
and the center were selected and averaged to reduce errors. On the observation day, canopy reflectance
was measured around 11 am with field spectroradiometers (Field Spec 3, ASD Inc., Longmont, CO,
USA) when the wind speed was low. The sensor was set approximately 1 m above the canopy, with a
5◦ field of view. We were only able to measure the canopy reflectance in 2015–2017 due to limited
availability of equipment.
2.3. Calculation of the CWSI
Idso et al. [28] presented a widely used temperature-based index, i.e., CWSI, which is given below:
CWSI =

( Tc − Ta ) − ( Tc − Ta )ll
( Tc − Ta )ul − ( Tc − Ta )ll

(2)

where Tc is the canopy temperature and Ta is the air temperature. ( Tc − Ta )ul is the upper limit of
canopy-air temperature difference, which represents a drought stress status with zero transpiration.
( Tc − Ta )ll is the lower limit of canopy-air temperature difference, which refers to the crop in
non-stressed status with potential evaporation.
Two methods are used to calculate CWSI: The empirical and the theoretical models, which differ
from each other in terms of calculating lower and upper limits. The empirical model is based on the
non-stressed baseline, the linear relationship between air vapor pressure deficit (VPD) and canopy-air
temperature difference. The lower and upper lines are shown as below:

( Tc − Ta )ll = A + B × VPD

(3)

( Tc − Ta )ul = A + B × VPG

(4)

where VPD is the vapor pressure deficit above the canopy, A and B represent empirical coefficients,
and VPG is the difference between two saturation vapor pressures when air temperatures are Ta and
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Ta + A. The empirical model is based on assuming the canopy resistance, net radiation, wind speed,
air temperature, and soil heat flux are constant in the significant observation time [29].
Jackson et al. [30] proposed a theoretical model based on one-layer canopy energy balance. The
lower and upper lines are given as below:


rcp
γ
1
+
ra
r a ( Rn − G )
VPD


−
( Tc − Ta )ll =
rcp
ρC p
∆ + γ 1 + ra
∆+γ 1+

( Tc − Ta )ul =

r a ( Rn − G )
ρC p

rcp
ra



(5)

(6)

where r a is the aerodynamic resistance, Rn is the net radiation, G is the soil heat flux, ρ is the air density,
C p is the air specific heat, γ is the psychometric constant, ∆ is the slope of the saturated vapor pressure
to temperature curve, and rcp is the minimum canopy resistance.
In particular, r a and rcp can be computed by the following equations [29]:

ra =

  2

 ln zz−0d


k2 u 
2
ln zz−d



4.72

0

1+0.54u

when u > 2 m·s−1
when u ≤ 2

(7)

m · s−1

where z is the reference height, d is the zero-plane displacement, z0 is the roughness, k is the Kalman
constant by 0.41, u is the wind speed at the height of the reference, and
rcp = −

ρC p A

( Rn − G )



1
1
+
Bγ 1 + B∆


(8)

where A and B are the coefficients from the empirical model.
Ideally, the CWSI value is between zero and one. Zero stands for a well-watered status when the
crop is under a non-stressed condition, and one stands for a total drought-stressed status when there is
no water available for the crop transpiration. It is generally acknowledged that the theoretical model
is more accurate than the empirical model [31]. For this reason, we adopted the theoretical model.
We were only able to measure the CWSI in 2015, due to limited availability of equipment.
2.4. Structural, Chlorophyll-Based, and Physiological Indices
The spectral indices were calculated from reflectance of the corresponding wavelength.
Several indices were employed to detect maize water status and assess production in this study.
Normalized Difference Vegetation Index:
NDVI = ( R800 − R670 )/( R800 + R670 )

(9)

with a modification of NDVI to increase its sensitivity the Renormalized Difference Vegetation Index
was developed as below:
q
RDVI = ( R800 − R670 )/

( R800 + R670 )

(10)

where R670 and R800 are the reflectance at 670 nm and 800 nm, respectively.
Red edge refers to the region of rapid change in reflectance of vegetation in the near infrared range.
According to the definition of REP (red edge position), the accuracy mainly depends on the spectral
reflectance data resolution [32], and so we adopted the 4-point interpolation approach [33], which has
a suitability for discontinuous spectral data. The 4-point approach in the study was developed as
outlined below:
ρ + ρ4
ρi = 1
(11)
2
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λ i = λ2 + ( λ3 − λ2 )

ρ i − ρ2
ρ3 − ρ2

(12)

where ρi is the reflectance at red edge position, λi (red edge, inflected point), namely, λ1 , λ2 , λ3 and
λ4 are wavelengths at 670, 700, 740 and 780 nm, respectively, and ρ1 , ρ2 , ρ3 and ρ4 are reflectance at
wavelengths λ1 , λ2 , λ3 and λ4 , respectively. In this case, we also adopted another index, TCARI/OSAVI,
based on the chlorophyll absorption that supposedly reduces the soil background effect, which refers
to the TCARI normalized by OSAVI:
TCARI = 3 × [( R700 − R670 ) − 0.2 × ( R700 − R550 ) × ( R700 /R670 )]

(13)

OSAVI = (1 + 0.16) × ( R800 − R670 )/( R800 + R670 + 0.16)

(14)

The red edge ratio index R700 /R670 is sensitive to the chlorophyll absorption that forms a part of
the TCARI index. The chlorophyll and leaf tissues related to the TVI were also employed. The TVI
generally uses the reflectance at green, red, and Near-IR bands to represent the area of the triangle
defined by the green peak and the chlorophyll absorption.
TVI =

120( R750 − R550 ) − 100 × ( R670 − R550 )
2

(15)

The PRI was calculated using the reflectance at 531 and 570 nm, in the following form, which was
mainly driven by xanthophyll cycle activity:
PRI = ( R570 − R531 )/( R570 + R531 )

(16)

2.5. Statistical Analysis
The sensitivity study was performed by correlation matrix analysis through OriginPro software
(version 2016, OriginLab Co., Northampton, MA, USA). The significant differences between treatments
were determined by one-way Analysis of Variance (ANOVA) followed by the Least-Significant
Difference (LSD) test. All data were examined for assumptions of normality and we completed
homogeneity tests before these analyses were carried out.
3. Results and Discussion
3.1. Water Condition Indicators
LWC and LWP are two direct plant water status indicators. The LWC is a direct indicator of leaves’
water content [34], as it reflects the absolute amount of water content. Furthermore, the LWC also has
a direct influence on photosynthesis. Water potential is the potential energy of water per unit volume
relative to pure water in the reference condition. The LWP is useful in describing water transport [35]
and crop water states [36].
The distinct differences of LWC under different treatment levels are clearly identified in Figure 3a.
The LWC under all treatments decreased from ST1 to ST3, even when the treatment remained at the
same level. A recent study carried out by Wang et al. [37] reported the same observation and concluded
that it is the outcome of the leaf senescence from ST1, ST2 to ST3 (the maturity stage). Moreover,
the association is best between the treatment level and LWC in all growth stages. This finding revealed
that the LWC could reflect the treatment level directly. Figure 3b provides the responses of LWP
to different water stresses. The LWP decreases from ST1 to ST2 with a slight increase from ST2
to ST3 for W1, W2 and W4. The LWP showed a significantly increasing trend with the treatment
level from W1 to W2 and subsequently to W3. This manifested LWP was able to indicate water
state [31], and similar results are observed in other plants [31,38] under the drought stress. LWP in W4
(treatment 4) decreased significantly compared to W3 (treatment 3). This finding was in keeping with
earlier research, with many scholars reporting that the LWP reduced under waterlogging treatment
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compared to under non-waterlogging treatment, owing to rapid stomatal closure when waterlogging
occurred [39]. Moreover, this research revealed that the waterlogging treatment (W4) significantly
influenced the LWP more than the moderate drought (W2), especially in ST3.

Figure 3. Responses of (a) Leaf Water Content (LWC) and (b) Leaf Water Potential (LWP) to different
water stress in the main growth stages. Note: The sample sizes were 80 and 168 leaves for LWC and
LWP in each growth stage, respectively. The error bars indicate the standard deviation. Bars sharing
the same character represent a lack of significant difference (p > 0.05) in each growth stage.

3.2. Productive Indicators
LAI and chlorophyll content are two productive indicators [40,41]. LAI is a dimensionless quantity
that characterizes plant canopy morphology. The chlorophyll content is a key indicator of measures
such as physiological status, photosynthetic capacity and stress conditions [42].
As observed in Figure 4a, the LAI showed an increasing trend from ST1 to ST2, which resulted in
a high canopy expansion rate in the vegetation stage (ST1). The LAI changed slightly from ST2 to ST3,
since the canopy reached the maximum expansion gradually and entered the senescence process
among all treatments. This finding is in keeping with an earlier study [43]. The LAI presented a
decreasing sequence from W3 to W4 and from W2 to W1 during ST2 and ST3. LAI in W1 was much
lower than other water stresses, primarily because of heavy wilting, which was a result of the severe
water stress. LAI in W4 was also significantly low compared to that of W3 due to the lodging caused
by waterlogging. Jiang et al. [44] and Ren et al. [22] also obtained similar results. The differences of
LAI between W2 and W3 were small but significant. This finding might be attributable to the summer
maize in W2, which did not reach the wilting point. The results indicated that the moderate drought
could cause more damage on summer maize productivity than waterlogging status compared with the
LAI in W2 and W4 (Figure 4a). At the beginning of the stress treatment, i.e., ST1, the LAI showed an
anomalous distribution, which may be caused by the delayed response of canopy on water content.
The chlorophyll content extracted by the ethyl alcohol method in this study is shown in Figure 4b.
The chlorophyll content showed the following order: W3 > W4 > W2 > W1, during the whole
growth period. The chlorophyll content of non-stressed treatment (W3) showed a gradually increasing
tendency during the late vegetation stage (ST1) to maturity (ST3). The chlorophyll content of W3 was
the highest and W1 was the lowest. The chlorophyll content of W2 and W4 treatments increased from
ST1 to ST2 and increased slightly from ST2 to ST3. Meanwhile, the chlorophyll content decrease in
W1 from ST2 to ST3 revealed that the severe drought mostly inhibited the maize growth. In addition,
the moderate drought stress inhibited the chlorophyll content growth more than the waterlogging
stress. It can be said that severe drought is a major constraint to crop production.
From the results of LAI and chlorophyll content, we could forecast that maize productivity in W1
would be the lowest and would be the highest in W3. Furthermore, maize productivity in W4 might be
higher than that of W2, but the significance was controversial as the differences were not statistically
significant in all three stages. Nevertheless, the water condition indicators LWC showed an association

Water 2018, 10, 500

9 of 16

with the treatment level, while W4 showed a discrepancy of productivity (LAI and chlorophyll content).
Combined with previous studies, this finding could be explained reasonably by the fact that the water
content exceeded the demand for the plant. In turn, the waterlogging soil inhibited root respiration
and photosynthetic rates, as well as stomata conductance [45], which eventually led to the reduction of
productivity and crop yield [22].

Figure 4. Responses of (a) Leaf Area Index (LAI) and (b) chlorophyll content to different water stress in
the main growth stages. Note: The sample sizes were 88, 85, and 79 plots for LAI in ST1, ST2, and ST3,
respectively. The sample sizes were 161, 171, and 164 leaves in ST1, ST2, and ST3 for chlorophyll
content in each growth stage, respectively. The error bars indicate the standard deviation. Bars sharing
the same character represent a lack of significant difference (p > 0.05) in each growth stage.

3.3. Thermal Indicator
The CWSI is a complicated standard thermal indicator compared to LWP, LWC, LAI and
chlorophyll content and it is widely used to monitor the crop water status and to schedule irrigation
schemes [46].
The baseline is crucial for calculating CWSI, since it is susceptible to climatic conditions, soil type,
crop growth state and other factors. Jensen et al. [47] observed that solar radiation would affect
the canopy-air temperature difference when the crop was either in a well-watered or drought
stressed condition. The temperature difference in a drought stress status could have a negative impact
when solar radiation is weak, it could even be 8 ◦ C in the well-watered status when solar radiation
was strong. Zhao et al. [48] also mentioned that variations in soil fertilization could cause a reasonable
difference in the low baseline and suggested that CWSI low baseline should be defined according to
soil fertilization level. Testi et al. [49] indicated that the wind speed had an effect on the slope of the
baseline. Therefore, it is necessary to build a specific baseline for this study. This baseline is not only
an indicator of crop status but also an indispensable variable to calculate canopy resistance, which is
used in the theoretical model. The baseline and other specific variables for the CWSI calculation are
listed in the supplementary materials (see Supplementary Table S1 and Figure S1).
In accordance with spectral information, which was measured in 2015, the primary parameters
for the CWSI calculation are listed in Table 1.
Table 1. Parameters used for the Crop Water Stress Index (CWSI) calculation.
Variables
(◦ C)

A
B (◦ C/hpa)
rcp (s·m−1 )

Vegetative Growth (ST1)

Reproductive (ST2)

Maturity (ST3)

3.55
−0.10
50.87

5.08
−0.23
50.85

8.53
−0.53
122.00

Note: The sample sizes were 27, 17, and 49 plots for ST1, ST2, and ST3, respectively. The detailed statistical analyses
can be found in the supplementary materials.
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Finally, the hourly CWSI values from 08:00–17:00 were calculated through the theoretical model,
as depicted in Figure 5. As shown in Figure 5, it was observed that the CWSI exhibited a general
decrease tendency from W1 to W2 and W3 and subsequently to W4, which indicated that CWSI
could accurately detect crop water status. The CWSI of W3, with an average of −0.17 varying up to
approximately 0, testified that the W3 was in a non-stressed status. Meanwhile, the averaged CWSI of
W4 was −0.26, lower than that of W3. This finding indicated that the negative CWSI could represent the
waterlogging status. However, many variables were included in the calculation of the theoretical model.
The uncertainty was inevitable, which could be responsible for the CWSI overflowing within a range
of 0–1. Additionally, the daily CWSI values fluctuated with two peaks at approximately 10:00 and 14:00,
especially in ST1 and ST2. This was the result of the plant mid-day depression effect, when the air
temperature reached its peak at noon on hot and sunny days, leading to photosynthesis rate decrease
and leaf stomata closure to reduce damage [50,51]. Since the mid-day effect is occurring as a plant’s
self-protecting behavior, the plant is less stressed, resulting in the CWSI decrease. Furthermore,
the CWSI were notably scattered among all treatments in ST3. This might be the result of distinctly
different physiological characteristics [52] and the meteorological features in maturity stage. Thus,
the difference in physiological characteristics could also be verified by rcp from Table 1.

Figure 5. Hourly CWSI calculated by the theoretical model from 08:00 to 17:00 in different levels
of water stress during the main crop growth stage. Note: The sample size was 32 plots in each
growth stage.

3.4. Sensitivity Analysis of Spectral Indices to Three Categories of Metrics
The sensitivity analysis between spectral indices (NDVI, RDVI, REP, TO, TVI and PRI) and three
categories of metrics, including the water indicators (LWC and LWP), the productive indicators (LAI
and chlorophyll content), and the thermal indicator (CWSI) for each treatment at different growth
stages is plotted in Figure 6.
Due to the different structural effects caused by continuous stress from drought to waterlogging,
the relationship between NDVI and chlorophyll content was the most significant (Figure 6(a4), R = 0.65,
p < 0.05). NDVI was also able to detect the LAI information effectively (Figure 6(a3), R = 0.64, p < 0.05).
This finding revealed that the NDVI could give a reliable reference for productivity assessment,
while the performance of RDVI was not as suitable as the NDVI. Although the RDVI performed better
than the NDVI in some studies [53], these studies were based on the radiation transfer metrics or
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the field data without considering the waterlogging treatment. Therefore, the lower sensitivity of
RDVI in our case could be explained reasonably by the waterlogging treatment introduced in this
field experiment.

Figure 6. The correlation coefficients show sensitivity of spectral indices to three categories of metrics.
Note: * and ns denote the significant (with p < 0.05) and non-significant trend. The small letters a–e
represent indices Normalized Difference Vegetation Index (NDVI), Renormalized Difference Vegetation
Index (RDVI), Red-Edge-Position (REP), TCARI/OSAVI (TO), Triangular Vegetation Index (TVI),
and Photochemical Reflectance Index (PRI) respectively. The numbers 1, 2, 3, 4 and 5 represent the
metrics LWC, LWP, LAI, chlorophyll content, and CWSI, respectively. The sample size was 36 groups for
LWC, LWP, LAI, chlorophyll content. The sample size was 12 groups for CWSI. TCARI = Transformed
Chlorophyll Absorption in Reflectance Index; OSAVI = Optimized Soil-Adjusted Vegetation Index.

From the view of three chlorophyll based indices, TVI performed the best on LAI and chlorophyll
content detection (Figure 6(e3,e4), both R = 0.57, p < 0.05). Moreover, REP showed good performance
on LAI and chlorophyll content detection (Figure 6(c3), R = 0.43, p < 0.05 for LAI, Figure 6(c4), R = 0.53,
p < 0.05 for chlorophyll content). REP also showed a significant correlation with LWP (Figure 6(c1),
R = 0.46, p < 0.05). This result might imply REP was a more comprehensive index. TO was not
sensitive to all indicators in our case. The sensitivity of TO and TVI to LWP remains a matter of debate.
Ballester et al. [54] studied the capability of several spectral indices to detect water stress in five
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tree crop species and reported that the TO was significantly sensitive to the LWP in almond, lemon,
and apricot but not in orange or peach. Moreover, Zarco-Tejada et al. [55] used high-resolution
airborne imagery to investigate the water status in a citrus orchard and concluded that the correlation
coefficient of TO against LWP was not significant, while TVI against LWP was highly significant.
The non-significance of TO in this study suggested that different stress conditions might also influence
the sensitivity of TO. While the TVI exhibited an optimal performance, the performance of TVI was
less susceptible to different water stress conditions.
The results obtained by the relationship between PRI and water status and productivity indicators
suggested that the PRI was sensitive to LAI and chlorophyll content (Figure 6(f3), R = −0.64, p < 0.05
for LAI and Figure 6(f4), R = −0.66, p < 0.05 for chlorophyll content), which indicated the PRI could be
used for evaluating the productivity in this case. As an effective photochemical index, the PRI was
closely related to diurnal xanthophyll cycle activity. This has drawn much attention recently [56,57].
It has been demonstrated in many studies [57,58] that the PRI is sensitive to canopy structural changes,
especially in water stress conditions [59]. Furthermore, the PRI has also been used to predict yield [60].
It was observed that no indices could detect the thermal feature (CWSI) in this case. This might be
because the spectral indices were not able to capture the thermal information when the waterlogging
stress was taken into consideration. In addition, we employed the theoretical CWSI model in order to
improve the result accuracy, more variables were involved in this calculation. However, this might
bring the baseline shift according to the environmental condition and the plant physiological response,
and then lead to uncertainties in the results [61,62]. Moreover, as mentioned above in Figure 5,
the scattering in ST3 could be another reason that the information was not simply identified.
4. Conclusions
This study explored the responses of summer maize to continuous water stress by analyzing
the water condition indicators, productive indicators, and the thermal indicators based on five years
of field experiments. Further, the performance of structural, chlorophyll-based and photochemical
indices was evaluated to detect maize water status and to assess maize production.
From the above analysis, the association is at best between the treatment level and LWC. The LWP
showed an increasing trend with the treatment level from W1 to W2 and later to W3. The waterlogging
treatment influenced LWP more than did the moderate drought. The severe drought caused the most
reduction in productivity for both LAI and chlorophyll content. Furthermore, the maize productivity
in W4 was higher than that of W2. Additionally, the CWSI detected maize water content effectively,
especially in ST1 and ST2, but exhibited dispersion in ST3. Comparing the sensitivities of three different
series of spectral indices based on various levels of drought and waterlogging stresses, the results
revealed that REP was sensitive to maize water conditions LWP. Moreover, REP also showed good
performance on LAI and chlorophyll content detection. It could be used as a comprehensive index
for the detection of the stress condition. The PRI and NDVI were the most and second most sensitive
indices to production indicators, respectively. The results also showed that no indices were capable in
capturing the information of CWSI in this case. Furthermore, only the chlorophyll based index (REP)
showed applicability to monitor the water status. All three categories of spectral indices could be used
to evaluate productivity.
Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4441/10/4/500/s1,
Figure S1: The relationships exhibit between Tc − Ta and VPD in the main growth stages during 2013–2015.
Table S1: Roughness and zero-plane displacement.
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