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Sugarbeet is a deep-rooted crop in unrestricted soil proﬁles that can readily utilize stored soil water to reduce
seasonal irrigation requirements. Soil water below 0.6 m is not commonly considered for irrigation scheduling
due to the labor and expense of soil water monitoring at deeper depths and uncertainty in eﬀective rooting depth
and soil water holding capacity. Thermal-based crop water stress index (CWSI) irrigation scheduling for sugarbeet has the potential to overcome soil water monitoring limitations and facilitate utilization of stored soil
water. In this study, canopy temperature of irrigated sugarbeet under full irrigation (FIT) and 25%FIT in 2014,
2015, 2017 and 2018 in southcentral Idaho and FIT and 60%FIT in 2018 in northwestern Wyoming USA was
monitored from full cover through harvest along with meteorological conditions and soil water content. A neural
network (NN) was used to predict well-watered canopy temperature based on 15-min average values for solar
radiation, air temperature, relative humidity, and wind speed collected -1 to +2.5 hours of solar noon (13:00 –
16:00 MDT). A linear regression driven physical model for estimating the diﬀerence between a non-transpiring
canopy and air temperature resulted in a value of 13.7 °C for the meteorological conditions of the study. A daily
CWSI value calculated as the average 15-min CWSI calculated between 13:00 and 16:00 MDT was well correlated with irrigation amounts and timing. The daily CWSI value provided a more responsive indication of crop
water stress than soil water monitoring in deﬁcit irrigation treatments. The methodology used to calculate a
daily CWSI could be used in irrigation scheduling to utilize soil water storage without knowledge of soil depth,
crop rooting depth, or deep (> 0.6 m) soil water monitoring.

1. Introduction

Soil water content monitoring is necessary to periodically validate/
adjust the numerical soil water balance to minimize errors. Irrigation
scheduling can also be based on soil water monitoring alone and irrigating when a predetermined lower limit is approached (Vellidis et al.,
2007).
Sugarbeet, a biennial crop for seed production and annual crop for
sugar production, is known to have a deep root system resulting from its
long vegetative growth (Dunham, 1993). The rooting depth of sugarbeet cited in the irrigation management literature ranges from 0.7 to
2.0 m (Withers and Vipond, 1980; James, 1988; Jensen et al., 1990;
Dunham, 1993; Martin et al., 2007). Winter (1980) reported soil water
extraction to permanent wilting point to a depth of 3 m across ten irrigation treatments. In the absence of soil depth limitations and depending on soil water holding capacity, sugarbeet can access a large soil
water reservoir allowing the use of stored winter precipitation to reduce
seasonal irrigation water use. The potential deep rooting characteristic

With irrigated agriculture being the largest water consumer in the
western U.S., increasing water resource use demands by non-agricultural users, and increasing variable regional and seasonal precipitation, it is vital that irrigated agriculture adopt new methods and
management practices that increase water use eﬃciency while sustaining proﬁtable farm enterprises. A key element of eﬃcient irrigation
management is optimum timing of irrigations or irrigation scheduling.
Irrigation scheduling should be correlated with water use of the crop to
minimize over-irrigation and unintended crop water stress.
Conventional soil water balance-based scheduling relies on tracking
estimated crop evapotranspiration (ET), maintaining a numerical soil
water balance, and irrigating when available soil water is forecast to
reach a predetermined lower limit based on known soil water holding
capacity and crop eﬀective root zone depth (Melvin and Yonts, 2009).
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canopy for temperature data collection. Jackson et al. (1981) proposed
an energy balance-based relationship for TUL-Tc of a non-transpiring
canopy as:

of sugarbeet limits the practicality of soil water measurement for irrigation scheduling in commercial sugarbeet production due to the time
and/or equipment availability or costs. Limiting soil water monitoring
to practical depths (< 0.6 m) precludes the exploitation of deeper soil
water to reduce seasonal irrigation requirements, however, the potential impact on yield is unknown and needs to be evaluated.
Plant canopy temperature monitoring provides an attractive alternative to soil water-based irrigation scheduling. Water stress promotes
stomatal closure, reducing transpirational cooling and increasing leaf
temperature (Raschke, 1960; Tanner, 1963). Infrared radiometers have
been used to measure plant canopy temperature under ﬁeld conditions
to estimate evapotranspiration and drought stress in many crops (Maes
and Steppe, 2012). Canopy temperature measurement of fully sunlit
leaves near solar noon for irrigation scheduling expressed as a simple
empirical relationship called the crop water stress index (CWSI) was
proposed by Idso et al. (1981) and Jackson et al. (1981). The CWSI is a
linear index ranging from 0 when under identical climatic conditions
measured canopy temperature (Tc) is equal to well-watered canopy
temperature (TLL) and 1 when Tc is equal to non-transpiring canopy
temperature (TUL). Temperatures TLL and TUL are lower and upper
baselines used to normalize CWSI for the eﬀects of atmospheric conditions (air temperature, relative humidity, solar radiation, wind speed,
etc.) on transpiration and canopy temperature. Ideally, CWSI ranges
from 0 to 1 where 0 represents a well-watered condition and 1 represents a non-transpiring, severely water-stressed condition. Practical
application of CWSI based irrigation scheduling has been limited by the
difﬁculty of estimating TLL and TUL (Maes and Steppe, 2012). Theoretical determination of crop speciﬁc constants for TLL and TUL relative to
ambient air temperature has not been fruitful due to the poorly understood and complex inﬂuences of canopy architecture and environmental conditions on the soil–plant–air continuum (Idso et al., 1981;
Jones, 1999; Jones, 2004; Payero and Irmak, 2006). In the original
development and application of the CWSI, TLL and TUL were experimentally determined from the linear correlation between Tc-Ta and
vapor pressure deﬁcit (VPD) using measured Tc on well-watered experimental plots to account for major climatic eﬀects confounding Tc
measurements and hindering determination of water stress status (Idso,
1982). Use of well-watered control plots to determine TLL and TUL is not
practical in commercial agriculture nor is it possible to maintain a crop
canopy under non-transpiring conditions. Alternative methods of estimating TLL and TUL have been investigated including use of artiﬁcial
wet and dry reference surfaces (Jones, 1999; Jones et al., 2002;
Leinonen and Jones, 2004; Cohen et al., 2005; Alchanatis et al., 2010;
O’Shaughnessy et al., 2011; Pou et al., 2014). The required maintenance of the artiﬁcial surfaces limits potential use for maintenance
free automation in the commercial crop production environment.
Data-driven empirical methods to estimate TLL and TUL have been
investigated in scientiﬁc studies. Payero and Irmak (2006) used multiple linear regression (MLR) with independent variables Ta, solar radiation (Rs), crop height, wind speed (WS), and VPD or relative humidity (RH) to estimate TLL corn and soybean with correlation
coefﬁcients of 0.69–0.84 between the predicted and measured canopy
temperature. Irmak et al. (2000) determined for water-stressed corn
that TUL was 4.6–5.1 °C above air temperature. In several subsequent
studies with crops other than corn, a value of air temperature plus 5.0
°C has been used for TUL (Cohen et al., 2005; Möller et al., 2007;
Alchanatis et al., 2010). O’Shaughnessy et al. (2011) used maximum
daily air temperature plus 5.0 °C for TUL of soybean and cotton. King
and Shellie (2016) also obtained good results in estimating TLL using
MLR for wine grapes. They used Ta+15 °C for TUL based on the cumulative distribution of measured Tc-Ta of deﬁcit irrigated wine grapes.
King and Shellie (2016) also evaluated the use of artiﬁcial neural network (NN) models for estimating TLL of wine grape with better results
than MLR. While data driven methods to estimate TLL have been successful, reliable estimation of TUL has been more problematic in part
due to the diﬃculty in achieving and maintaining a non-transpiring

TUL − Ta =

ra Rn
ρCp

(1)

where ra is the canopy aerodynamic resistance (s m ), ρ is the density of
air (kg m-3), cp is the heat capacity of air (J kg-1 °C-1), and Rn is net
radiation (W m-2). The values in Eqn. 1 can be readily measured with
exception of ra to estimate TUL. Direct estimation of ra requires periodic
ﬁeld measurement of crop height and estimation of additional aerodynamic parameters (Bockhold et al., 2011). Alternately, O’Toole and
Real (1986) proposed a methodology for estimating average ra by representing the canopy energy balance relationship of Jackson et al.
(1981) as a linear regression equation of Tc-Ta and VPD. They proposed
using average values for the remaining variables as a practical means
for estimating the regression coeﬃcients. The resulting relationship for
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where Rn is average Rn, Δ is average is the slope of the water saturation
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vapor pressure-air temperature relation, (Pa °C-1), ρ is average ρ and a
and b are the intercept and slope regression coeﬃcients, respectively.
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Substituting rap for ra and Rn for Rn with measured Ta in Eqn. 1 allows
for estimating TUL. This physical approach to estimating TUL does not
require additional crop physical measurements other than a data set of
well-watered canopy temperature and common meteorological measurements. Han et al. (2018) used this approach of estimating TUL to
compute a CWSI adjusted soil water balance for water-stressed maize
with good results.
The objective of this study was to use NN modeling and the datadriven approach of O’Toole and Real (1986) to estimate TLL and TUL,
respectively, for irrigated sugarbeet in the arid western U.S. and investigate the performance of CWSI values calculated using these estimates.
2. Materials and methods
2.1. Experimental sites
Sugarbeet plots were grown at two experimental sites, the USDAARS Northwest Irrigation and Soils Research Laboratory (NWISRL) near
Kimberly, Idaho in 2014, 2015, 2017, and 2018, and the University of
Wyoming Powell Research and Extension Center (PREC) in Powell,
Wyoming in 2018. The NWISRL climate is arid where the 20-yr (19972016) average annual precipitation and alfalfa-reference ET are approximately 253 and 1479 mm, respectively, requiring irrigation for
economical agricultural crop production. The PREC climate is also arid
where the 29-yr (1981-2017) average annual precipitation and alfalfareference ET is approximately 166 mm and 1498 mm, respectively.
Long-term (1981-2017) seasonal (May to September) average precipitation and alfalfa-reference ET are 144 mm and 988 mm, respectively, requiring irrigation for economical agricultural crop production.
The soil at NWISRL is a Portneuf silt loam (coarse-silty mixed mesic
Durixerollic Calciorthid and is classiﬁed as very deep and well drained
with weak silica cementation ranging from 30 to 45 cm deep that may
restrict root growth (USDA, 1998). The soil at PREC is a Garland loam
(Fine-loamy over sandy or sandy-skeletal, mixed, superactive, mesic
Typic Haplargids). The soil proﬁle consists of loam changing to extremely gravelly loamy sand below 0.8 m that hinders soil sampling and
soil water monitoring with a restrictive layer beyond 2.0 m (USDA,
2019)
2
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2.3.2. PREC - Powell, WY
Irrigation scheduling for the FIT was based on balancing estimated
cumulative weekly crop ET with the weekly cumulative irrigation and
precipitation. Estimated crop ET was based on the ASCE standardized
reference evapotranspiration equation (ASCE, 2005) and daily crop
coeﬃcients (Wright, 1982) using daily climatic data from a PREC
weather station (Sharma et al., 2018). Irrigation was applied weekly
with the amount depending upon weekly ET rate and precipitation. Soil
water content was measured in 0.3 m depth increments from 0.3 to 0.9
m using neutron probe calibrated to site conditions. Soil water content
was monitored in two replicated blocks. Soil water content was measured periodically throughout the growing season to avoid water stress
in the fully irrigated treatments by ensuring that available soil water
content remained greater than 45% of total available moisture (Jensen
et al., 1990). Estimated well-watered sugarbeet ET between emergence
and harvest, cumulative irrigation between emergence and harvest
applied to the FIT and 25% FIT treatments at PREC are given in Table 1.
Estimated well-watered sugarbeet ET was 83% of the 4-yr average at
NWISRL due to of lower mean Rs and VPD and higher mean RH at
PREC.

2.2. Experimental Design
The ﬁeld studies at both sites used a randomized block design with
four replications at NWSIRL and three replications at PREC. In 2014 at
NWISRL, the ﬁeld study utilized one plot of a randomized block nitrogen fertilizer rate trial where all plots were fully irrigated (FIT). The
FIT represented the condition where the sugarbeet crop was irrigated
two or three times a week with a cumulative depth equal to weekly
cumulative estimated evapotranspiration (ET). In 2015 at NWISRL, the
ﬁeld study utilized two replicates of a tillage trial with four irrigation
treatments. The four irrigation treatments were FIT, 75% FIT, 50% FIT,
and 25% FIT. In 2017 and 2018 at NWISRL, the ﬁeld studies consisted
of four replicates of the four irrigation treatments used in 2016. In 2018
at PREC, the ﬁeld study consisted of three replicates of three irrigation
treatments. The irrigation treatments were FIT, 75% FIT and 60% FIT.
Lateral move or solid set sprinkler irrigation was used at NWISRL and
lateral move irrigation was used at PREC. Local conventional sugarbeet
cultural practices including 0.56 m row spacing were used at both experimental sites. Pesticides, herbicides, insecticides, and fungicides
were applied to all plots uniformly when required.

2.4. Instrumentation
2.3. Irrigation Scheduling and Soil Water Measurement
One infrared radiometer (SI-121, Apogee Instruments, Logan, UT)
was installed in each monitored irrigation treatment plot to measure Tc
after the sugarbeet crop reached full cover. The radiometers were installed at a height of 0.5 m above the canopy and pointed northeasterly
approximately 45° from nadir with the ﬁeld of view aimed at sunlit
canopy surface. The height and view of the radiometers were routinely
checked and adjusted as necessary. Climatic parameters Rs (SP-110
pyranometer, Apogee Instruments, Logan, UT), Ta, RH (HMP50 temperature and humidity probe, Campbell Scientiﬁc, Logan, UT), and WS
(034B, Met One Instruments, Inc., Grants Pass, OR) at 2 m height were
measured adjacent to the experimental plots. Canopy temperatures and
climatic parameters were measured every minute from mid-July
through mid-September of each year with a data logger (CR1000,
Campbell Scientiﬁc, Logan, UT) and recorded as 15-min averages.
Average climatic parameters measured between 13:00 and 16:00
MDT for both study sites are summarized in Table 2. The climatic
conditions at the study sites were similar, which was expected since
both are arid mid-latitude western U.S. locations. Solar radiation at
PREC was more variable than NWISRL due to the greater prevalence of
partly cloudy conditions resulting in a lower mean value and greater
standard deviation. Air temperature and WS at both sites were very
similar. Mean RH at PREC was greater than NWISRL. Mean VPD at
PREC was less than for NWISRL due to the combination of diﬀerences in
Ta and RH between the study sites. Collectively, the two experimental
sites provided a wide range in VPDs needed for robust data-driven
model development.

2.3.1. NWISRL - Kimberly, ID
In each study year irrigation scheduling for the FIT was based on
balancing estimated cumulative weekly crop ET with the weekly cumulative irrigation and precipitation. Estimated crop ET based on 1982
Kimberly-Penman alfalfa reference evapotranspiration model and daily
crop coeﬃcients (Wright, 1982) was obtained from an Agrimet (U.S
Bureau of Reclamation, https://www.usbr.gov/pn/agrimet/) weather
station located within 4.5 km from the study site. Irrigation was applied
1 to 3 times a week depending upon weekly ET rate, less frequent at the
beginning and end of the growing season. In 2015, 2016 and 2017, soil
water content was measured in 0.15 m depth increments from 0.15 to
2.25 m using neutron probe calibrated to the experimental site soil
using the methods of Hignett and Evett (2002). Soil water content in the
0 to 0.15 m depth was also continuously monitored using time domain
reﬂectometery (TDR) (TDR 100, Campbell Scientiﬁc Co., Logan, UT)
with two probes in the crop row. Soil water content was monitored in
two replicated blocks in 2015 and four replicated blocks in 2017 and
2018. Soil water content using neutron probe was measured periodically throughout the growing season to avoid water stress in the fully
irrigated treatments by ensuring that available soil water content remained greater than 45% of total available moisture (Jensen et al.,
1990). Estimated well-watered sugarbeet ET between emergence and
harvest, cumulative irrigation between emergence and harvest applied
to the FIT and 25% FIT treatments in each study year at NWISRL are
given in Table 1. The 25%FIT received 36, 50 and 42% of estimated
sugarbeet ET in in 2015, 2017, and 2018, respectively.

2.5. Data Analysis
Table 1
Estimated well-watered sugarbeet evapotranspiration (ETc) between emergence
and harvest, cumulative irrigation plus precipitation applied to the fully irrigated treatments (FIT) and 25% irrigation treatments (25%FIT), and percent
ETc applied to the of 25% irrigation and 60% irrigation treatment (%ETc).
Kimberly, ID – NWISRL

The integrity of measured canopy temperature data was veriﬁed to
include only dry canopy conditions in the dataset used for TLL and TUL
model development and evaluation. This was accomplished by omitting
canopy temperature data for times of suspected wet canopy conditions
based on rain gauge data and irrigation records. Data used in this study
was limited to 13:00 to 16:00 MDT, which corresponds to about -1 to
+2.5 hours of solar noon for the study sites. Models to estimate TLL and
TUL used data from this time interval in their development.
Consequently, model predictions are limited to this time frame as well.
A neural network model was used to estimate TLL for each 15-min
period between 13:00 and 16:00 MDT based on measured 15-min
average climatic conditions. Neural network model development was
conducted using MATLAB Neural Network Toolbox (MathWorks,
Natick, MA). The dataset was randomly subdivided into one of three

Powell, WY – PREC

Year

ETc (mm)

FIT
(mm)

25%
FIT
(mm)

%ETc
(%)

ETc (mm)

FIT (mm)

60%
FIT
(mm)

%ETc
(%)

2014
2015
2017
2018

662
657
645
756

712
652
788
803

237
322
321

36
50
42

563

500

352

63
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Table 2
Minimum (min), maximum (max), mean and standard deviation (std dev) of 15-min averaged climatic values measured at 1-min intervals between 13:00 and 16:00
MDT at both study sites.
Kimberly, ID – NWISRL

Powell, WY – PREC

Climatic Parameter

min

max

mean

std dev

min

max

mean

std dev

Solar Radiation (W m-2)
Air Temperature (°C)
Relative Humidity (%)
Wind Speed (m s-1)
Vapor Pressure Deﬁcit (kPa)

28
8
7
0.3
0.2

1120
36
85
8.6
5.3

749
26
29
2.6
2.6

180
5
12
1.1
1.0

22
11
10
0.6
0.3

1079
37
89
8.2
4.0

675
26
32
2.6
2.1

258
5
15
1.1
0.8

The MAE quantiﬁes the average magnitude of model prediction
error absolute values. It is deﬁned as:

datasets used to train, validate, and test the NN model. Fifty percent of
the dataset was used for training, 25% for validation and 25% for
testing. Model parameters (Rs, Ta, RH, WS, Tc) were linearly scaled to a
range of −1 to 1 based on measured maximum and minimum values,
which is a standard procedure to facilitate convergence to NN model
solution, and the Levenberg-Marquardt backpropagation method was
used to solve for model coeﬃcients (MATLAB Neural Network Toolbox,
MathWorks, Natick, MA). A multilayer perceptron feed forward NN
architecture was used to estimate canopy temperature of well-watered
sugarbeet. Hidden layer neurons used a hyperbolic tangent activation
function and the single output neuron used a linear activation function.
The number of hidden neurons was selected by trial and error based on
minimizing sum of squared errors between measured and predicted TLL,
while using a minimum number of neurons to reduce risk of overtraining the NN model to the dataset.
Equation 1 was used to solve for TUL in each 15-min period between
13:00 and 16:00 MDT based on measured 15-min average climatic
conditions. Calculation of meteorological parameters Δ and ρ in equations 1 and 2 and VPD followed procedures given in ASCE (2005). The
value for cp in equation 1 was taken as 1013 J kg-1 °C-1. Net radiation
was not directly measured in any study year but calculated from measured 15-min averaged data collected at PREC in 2017 as part of a
Bowen Ratio study in sugarbeet. The linear relationship between
measured Rn and Rs at PREC was Rn = 0.65*Rs + 14.7 with an R2 =
0.95.
The CWSI for a 15-min period between 13:00 and 16:00 MDT was
calculated using model predicted values for TLL and TUL based on 15min average measured values for Rs, Ta, RH, WS, and Tc. A daily CWSI
value was calculated as the average of the twelve 15-min computed
CWSI values between 13:00 and 16:00 MDT.
Linear and multiple linear regression was conducted using MS Excel
data analysis tools. Graphical, linear and multiple linear regression
were used to quantify performance of prediction models. Regression
line signiﬁcance was evaluated using ANOVA (p ≤ 0.05). Graphs were
generated using Sigmaplot 13 (Systat Software, San Jose, CA).

MAE =

∑ (Oi − Pi )2
∑ (Oi − O )2

(4)

where n is the number of observations. A smaller MAE indicates better
model prediction performance.
The RMSE is the sample standard deviation of the diﬀerences between predicted and observed values. It is deﬁned as:

RMSE =

∑ (Pi − Oi )2
n

(5)

A smaller RMSE indicates better model prediction performance.
The PBIAS is a measure of how much the ﬁtted model over or under
predicted the observed values. The PBIAS was calculated as (Yapo et al.,
1996):

∑ (Pi − Oi ) ⎤
PBIAS = ⎡
* 100
⎢
⎥
∑ Oi
⎣
⎦

(6)

Values for PBIAS range from -∞ to ∞ with an optimal value of zero;
however, values close to zero can occur if the ﬁtted model overpredicts
as much as it underpredicts (Moriasi et al., 2007).
3. Results
3.1. Soil water status
3.1.1. NWISRL - Kimberly, ID
Begin and end of season soil water proﬁles for FIT and 25%FIT
treatments in study years 2015, 2017 and 2018 are shown in Fig. 1.
Nominal ﬁeld capacity and permanent ﬁeld capacity for the Portneuf
silt loam soil at study NWISRL is 32% and 14% by volume as determined in the laboratory using a pressure plate apparatus (McDole
et al., 1974). In this study, ﬁeld capacity and permanent wilting point
were taken as the maximum and minimum soil water contents measured during the study, which generally occurred at the beginning and
end of the season (Fig. 1). Based on measured soil water contents, ﬁeld
capacity and permanent wilting point were estimated to be 36% and
9%, respectively. The real behavior of crops often reveals that soil water
can be extracted below the classical soil water potential threshold of
-1.5 MPa (Cabelguenne and Debaeke, 1998). Based on observed values
of ﬁeld capacity and permanent wilting point, maintaining 45% available soil water to avoid crop water stress corresponds to 21% soil water
content. Soil water proﬁles for the FIT treatment in all study years at
NWISRL 1 (Fig. 1) demonstrate that cumulative water inputs replenished sugarbeet ET over the growing season as there was little
diﬀerence in soil proﬁle water content between sampling dates and a
major portion of the soil water proﬁle in the FIT treatments remained
greater than 21% soil water content at the end of the season and
throughout the season (data not shown). Sugarbeet in 25%FIT extracted
nearly all available soil water to a depth of 1.2 m over the season. Soil
water was extracted below 2 m in each study year in 25%FIT. However,
soil water extraction below 1.5 m was limited, likely due to limited root

2.5.1. Model evaluation
The eﬀectiveness of model predictions for TLL was accessed using
four goodness of ﬁt measures: Nash-Sutcliﬀe mode eﬃciency (NSE),
mean absolute error (MAE), root mean squared error (RMSE), and
percent bias (PBIAS).
The NSE is a normalized statistic that expresses the relative magnitude of the residual variance to measured data variance (Nash and
Sutcliﬀe, 1970). It is deﬁned as:

NSE = 1 −

∑ |Pi − Oi |
n

(3)

where Pi is the model prediction for a measured value (Oi) and O is the
mean of the measured values. The NSE assesses the predictive eﬃcacy
of a model and can range from –∞ to 1 where a value of 1 means Pi =
Oi for all measured data. A value nearer 1 denotes better model prediction eﬃcacy. A negative value denotes the mean of the observations
is a better predictor of Oi than the model.
4
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Fig. 1. Beginning and end of season soil water content proﬁles for sugarbeet FIT (fully irrigated) and 25%FIT treatments for years 2015, 2017 and 2018 at study
Kimberly, ID (NWISRL). Bars represent standard error of the measurements.
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Fig. 2. Total available soil water in 0.9 m soil proﬁle between sugarbeet emergence and harvest for FIT and 60%FIT treatments at study Powell, WY (PREC) in 2018.
Bars represent standard error of the measurements.

3.3. Model prediction of TLL

mass below 1.5 m.

The NN model developed to predict TLL using input variables Ta, Rs,
RH, and WS measured between 13:00 and 16:00 MDT was signiﬁcant (p
≤ 0.001) with a correlation coeﬃcient of 0.88 between measured and
predicted TLL (Fig. 4). The NN model used only four hidden neurons.
The NSE, RMSE, MAE, and PBIAS of the NN model were 0.88, 1.07 °C,
0.82 °C, and 0, respectively. The NN model prediction performance is a
substantial improvement to the linear model with VPD (Fig. 3). Linear
regression equation slope for predicted versus measured TLL was signiﬁcantly diﬀerent (p < 0.001) (0.87, Fig. 4) from one indicating a bias
in predictions. The NN model over-predicts TLL for temperatures < 20
°C and under-predicts for temperatures > 25 °C despite a PBIAS = 0.

3.1.2. PREC - Powell, WY
Total available soil water over the growing season at PREC is shown
in Fig. 2. Soil water measurement was limited to 0.9 m due to prevalence of stones in the lower soil proﬁle. Based on soil texture and
observed soil water contents in previous studies at the ﬁeld site, ﬁeld
capacity and permanent wilting point were estimated to be 27% and
13%, respectively. Available soil water decreased rapidly in the FIT
plots due to irrigation water supply system failure the last week in June.
Soil water in the 60%FIT was below the 45% depletion limit soon after
irrigation system failure and remained below the limit throughout the
remainder of the season.

3.4. Model for estimating TUL
3.2. Well-watered canopy temperature dataset

The dataset used to determine the linear relationship between
Tc−Ta and VPD for estimating average canopy aerodynamic resistance

The study sites had a wide range in climatic conditions leading to a
wide range in vapor pressure deﬁcits (Table 2) and measured wellwatered canopy temperatures. The linear correlation between Tc−Ta
and VPD measured between 13:00 and 16:00 MDT is signiﬁcant (p ≤
0.001) with a correlation coeﬃcient of 0.70 (Fig. 3). The NSE, RMSE,
MAE, and PBIAS of the linear regression model were 0.70, 1.65 °C, 1.27
°C, and 0, respectively. The signiﬁcant linear relationship is consistent
with the linear behavior of the canopy temperature model of Idso et al.
(1981) and Jackson et al. (1981). A second order model does not improve Tc−Ta prediction despite the appearance of dataset nonlinearity
for high and low VPD. The high degree of variability for Tc−Ta at any
given value of VPD illustrates a strong inﬂuence of additional factors on
leaf temperature other than soil water availability. The small grouping
of data values above the bulk data at VPD ∼3.7 kPa occurred during a
high wind event exceeding 6 m s-1 at NWISRL, which may have decreased stomatal conductance (Davies et al., 1978; Renard and
Demessemacker, 1983; Kobriger et al., 1984; Campbell-Clause, 1998)
reducing transpiration rate and increasing canopy temperature despite
adequate soil water availability.

¯

(rap ) (Eqn. 2) is depicted in Fig. 5. The diﬀerence between the datasets
in Fig. 3 and Fig. 5 was the removal of Tc−Ta for Rs < 750 W m-2 to
eliminate the possible inclusion of data where canopy resistance was
increased due to reduced sunlight and actual ET was less than potential
ET. Data values for high wind conditions (WS > 5.5 m s-1) were also
removed to eliminate the possible inﬂuence of high wind on canopy
resistance. Linear regression of the dataset (Fig. 5) R2 = 0.85
(p < 0.001) resulted in a slope of 3.02 °C kPa-1 and intercept of 4.92 °C.
¯

¯

¯

Dataset (Fig. 5) values for Δ , γ , and ρ were 212.8 Pa °C-1, 60.6 Pa °C-1,
and 1.05 kg m-3, respectively. The linear relationship between Rs and Rn
was used to calculate Rn from measured 15-min averaged values of Rs
for both sites. Based on this relationship, the dataset (Fig. 5) value for
¯

Rn was 573 W m-2. Substituting dataset average values into Eqn. 2
¯

resulted in rap = 25.4 s m-1. Substituting the appropriate values into
Eqn. 1 resulted in TUL–Ta = 13.7 °C. These values are quite sensitive to
the slope and intercept of the regression equation through the dataset.
The range in TUL–Ta corresponding to the 95% conﬁdence interval for
the slope (-2.96, -3.07) of the regression line for the dataset (Fig. 5) was
6
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Fig. 3. Relationship between canopy temperature minus air temperature and vapor pressure deﬁcit for well-watered sugarbeet measured between 13:00 and 16:00
MDT at both experimental sites in all years (n = 3386).

the study is shown in Fig. 6. The maximum measured value of Tc-Ta
exceeded 15 °C. The value of TUL–Ta (13.7 °C) estimated using the
method of O’Toole and Real (1986) is less than the 15 °C but exceeded
by only 0.5% of the values measured and appears to be a reasonable

12.9 to 14.6 °C. Using sugarbeet canopy temperature data from Idso
¯

(1982), O’Toole and Real (1986) calculated rap = 8.8 s m-1, which leads
to TUL–Ta of about 4.5 °C, substantially less than 13.7 °C obtained in this
study. The dataset of Idso (1982) was comprised of 47 data values over
a VPD range of 1.5 to 4.1 kPa resulting in a regression slope of -1.96 °C
kPa-1, much less than the slope found in this study using over 3,000
data values spanning a larger range in VPD. The dataset of Sepaskhah
et al. (1988) was comprised of 77 values over a VPD range of 1.4 to 4.8
kPa resulting in a regression slope of -2.6 °C kPa-1, which for the
average values of this study resulted in TUL–Ta =8.5 °C. The datasets of
Idso (1982) and Sepaskhah et al. (1988) are enveloped within the dataset collected in this study (Fig. 3). The sensitivity of TUL–Ta to regression line slope underscores the need for a large dataset over a wide
range of VPDs to obtain a reliable estimate of TUL–Ta using the approach
of O’Toole and Real (1986). Data over a limited range in VPD is not
adequate for reliable estimation of TUL–Ta on a regional scale. The regression line slope is very sensitive to data for VPD < 1.5 kPa.
Measured Tc-Ta versus VPD for Rs > 750 W m-2 (Fig. 5) diverges
from a linear relationship for VPD < 1.0 kPa and VPD > 4.5 kPa indicating the linear canopy temperature model of Idso et al. (1981) and
Jackson et al. (1981) may not apply for all VPD. A quadratic equation
provides a better ﬁt (R2 = 0.86, not shown) to the data than a linear
equation. When VPD is < 1.0 kPa the vapor pressure gradient across
the leaf surface boundary begins to limit latent heat transfer rate
causing leaf surface temperature to increase to maintain the energy
balance between radiant, latent, and convective heat exchange with the
environment. When VPD is > 4.5 kPa latent heat transfer (transpiration) becomes limited by energy availability, limiting cooling and resulting in a lower limit for TLL-Ta. The dataset of Sepaskhah et al. (1988)
had a similar trend for VPD > 4.5 kPa.
The cumulative probability distribution of maximum 15-minute
values of Tc-Ta measured in the 25%FIT and 60%FIT treatments during

¯

¯

¯

¯

estimate of TUL–Ta for the average conditions for Δ , γ , ρ , and Rn . Coincidently, there is a discontinuity in the data at approximately 13.7 °C.
This may be due to the occurrence of sugarbeet wilting when severely
water-stressed under high VPDs, potentially resulting in some background soil temperature measurement by infrared radiometers. Maximum measured values for Tc-Ta in deﬁcit irrigated plots exceeded values for TUL–Ta estimated by O’Toole and Real (1986) and Sepaskhah
et al. (1988) 20 and 5% of the time, respectively.

3.5. Daily CWSI
3.5.1. NWISRL - Kimberly, ID
Daily CWSI values computed as the average 15-min CWSI between
13:00 and 16:00 MDT are shown in Fig. 7 along with daily irrigation
plus precipitation amounts for both study sites. Daily CWSI at NWISRL
in 2015 was less than 0.1 before mid-July and rapidly increased and
oscillated between 0.2 and 0.4 in response to small frequent irrigation
amounts until mid-August. Daily CWSI value then increased to 0.5 by
the end of August in response to about a week without irrigation. Daily
CWSI decreased to 0.1 in early September in response to precipitation,
reduced ET, and irrigation. Daily CWSI then increased to 0.5 by the end
of September due to withheld irrigation for a week. Over the season,
daily CWSI decreased a limited amount following irrigation due to the
small irrigation applications by the lateral-move irrigation system. The
minimal reduction in daily CWSI from irrigation may have resulted
from a substantial fraction of applied water evaporating from the crop
and soil surface rather than entering the soil proﬁle. Daily CWSI at
7
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Fig. 4. Neural network (NN) prediction of sugarbeet well-watered canopy temperature compared to measured canopy temperature measured between 13:00 and
16:00 MDT at both experimental sites in all years (n = 3386).

The two irrigations between 10 August and 15 August stabilized daily
CWSI and the two irrigations between 16 August and 20 August decreased daily CWSI to zero and increased total available soil water
slightly (Fig. 2). During the ﬁrst ten days of September, daily CWSI
rapidly increased to 0.8 due to the lack of irrigation, which likely depleted soil water in the top 0.15 m of the soil proﬁle and decreased
measured soil water content (Fig. 2). Soil water content reached a
minimum on 11 September and daily CWSI reached a maximum of 0.9.
Daily CWSI at PREC was much more dynamic than for NWISRL due to
limited soil water storage resulting from less water holding capacity of
the loam soil and a restricted crop root zone.

NWISRL in 2017 oscillated between 0.15 and 0.4 for much of the season
with a notable decrease to near zero in the beginning of September due
to increased irrigation frequency. Daily CWSI increased after the ﬁrst
week in September and varied between 0.15 and 0.4 for the remainder
of September. Daily CWSI at NWISRL in 2018 varied between 0.1 and
0.35 until mid-August. Then daily CWSI decreased to zero due to reduced ET from cooler cloudy conditions while irrigation continued
largely unchanged in amount and frequency. In early September, daily
CWSI increased to about 0.25 when irrigation frequency decreased,
then decreased in mid-September when irrigation frequency increased.
Daily CWSI was greater in 2015 than either 2017 or 2018 at NWISRL.
This is likely due to irrigation plus precipitation applied to the 25%FIT
in 2015 being 36% of estimated sugarbeet ET (Table 1) compared to 50
and 42% in 2017 and 2018, respectively.

4. Discussion
The daily CWSI based on predicted values for TLL and TUL by models
developed in this study provided a more responsive measure of crop
water stress for sugarbeet than soil water monitoring. Daily CWSI at
NWISRL (Fig. 7) did not exceed 0.5 despite soil water depletion well
below 45% available soil water in the 0 to 1 m soil proﬁle (Fig. 1).
Sugarbeet is known to be a deep-rooted crop in an unrestricted soil
proﬁle, but a priori knowledge of root zone depth for eﬃcient irrigation
scheduling based on soil water monitoring is usually lacking. Additionally, soil water monitoring below 0.6 m is not a common practice
due to equipment and/or labor requirements. Sugarbeet soil water extraction readily occurred to a depth of 1.5 m at NWISRL and to a limited
extent to a depth of 2 m (Fig. 1). Daily CWSI < 0.5 with 25%FIT irrigation amounts suggests that soil water extraction below 1 m was enough to supplement but not fully supply sugarbeet ET throughout the
season. Daily CWSI at PREC was a more responsive indicator of crop
water stress than soil water monitoring likely resulting from inadequate
representation of soil water storage in the top 0.15 m of the root zone

3.5.2. PREC - Powell, WY
Over the season, daily CWSI of the 60%ET treatment at PREC in
2018 varied between 0 and 0.9 in response to water application (Fig. 7).
Daily CWSI was greater than 0.8 in mid-July due to lack of irrigation
resulting from the irrigation supply system equipment failure at the end
of June. Total available soil water was below 45% available in mid-July
(Fig. 2) resulting in daily CWSI exceeding 0.8. Daily CWSI rapidly decreased to less than 0.1 by the end of July due to several irrigations. Soil
water content stabilized but did not substantially increase (Fig. 2). In
the ﬁrst week of August daily CWSI rapidly increased to nearly 0.8
when irrigation frequency decreased (Fig. 7). Three irrigations between
18 July and 27 July, which rapidly decreased daily CWSI, likely restored soil water in the top 0.15 m of the soil proﬁle that was not detected by neutron probe soil water measurements. The water stored in
the 0.15 m soil proﬁle was readily removed by the sugarbeet crop and
daily CWSI rapidly increased during early August following depletion.
8
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Fig. 5. Relationship between canopy temperature minus air temperature and vapor pressure deﬁcit for well-watered sugarbeet measured between 13:00 and 16:00
MDT at both experimental sites in all years used to estimate average canopy aerodynamic resistance (n = 1989).

Fig. 6. Cumulative probability distribution of canopy temperature minus air temperature measured between 13:00 and 16:00 MDT at both experimental sites in
deﬁcit irrigated treatments during the study.

9
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Fig. 7. Sugarbeet crop water stress index and irrigation plus precipitation amounts for 25%FIT (fully irrigated treatments) at Kimberly, ID (NWISRL) and 60%FIT at
Powell, WY (PREC). Bars represent standard error of the measurements.

decreasing solar radiation over the season and overcast days. This
method for calculating TUL removed the decreasing trend in CWSI over
the season regardless of soil moisture status (Fig. 7). However, cloudy
days are problematic as small Rn in Eqn. 1 results in a small denominator in calculation of CWSI, which inﬂates the CWSI. Wet canopy from
precipitation or irrigation can result in measured Tc up to several degrees C less than predicted TLL resulting in calculation of a negative
CWSI. An example of wet canopy eﬀect on daily CWSI can be viewed in
Fig. 6 for PREC on 20 August where daily CWSI was negative and 0.2
less than the preceding or following day. Irrigation scheduling decision
support software would need to include ﬁlters to suspend activation of
automatic irrigation scheduling when these circumstances occur. Despite these potential anomalies in computing CWSI, using the methodology applied in this study to estimate TLL and TUL between 13:00 and
16:00 MDT based on measured meteorological conditions could be used
for irrigation scheduling of sugar beets to increase utilization of stored
soil water to reduce seasonal irrigation requirements. Irrigation scheduling based on daily CWSI would circumvent the uncertainty associated with estimating soil water holding capacity, critical soil water
fraction, and eﬀective crop rooting depth.

that apparently acted as the primary soil moisture storage reservoir for
the 60%FIT. Apparently, when irrigation frequency was enough to
maintain some level of soil water availability in the top 0.15 m soil
proﬁle daily CWSI was reduced, and when it was depleted daily CWSI
was greater than 0.5. Crop water stress assessment using daily CWSI
overcomes the uncertainty associated with estimating eﬀective root
zone depth needed to assess crop water stress using soil water monitoring, potentially providing a more responsive measure of crop water
stress.
Calculation of CWSI using a constant value for TUL (Cohen et al.,
2005; Alchanatis et al., 2010; Möller et al., 2007; King and Shellie,
2016) measured on water-stressed plants under high VPD resulted in a
CWSI that steadily decreased over the season regardless of soil water
content (data not shown). This was attributed to failure to account for
the eﬀect of decreasing solar radiation over the season on TUL resulting
in over estimation of TUL late in the season. Use of constant TUL also
results in a sudden decrease in CWSI value for overcast days with low
solar radiation without a corresponding change in soil water status. In
¯

this study, calculation of TUL using Eqn. 1 with rap = 25.4 s m-1 and
calculated 15-min average Rn resulted in CWSI values adjusted for
10
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5. Conclusions and future research
Data-driven models were used to develop estimates of CWSI baseline temperatures, TLL and TUL, for sugarbeet grown in arid regions of
western U.S. Five site-years of measured sugarbeet canopy temperature
and meteorological conditions allowed development and evaluation of
an NN model for estimating TLL. A linear regression driven physical
model for estimating TUL-Ta resulted in a value of 13.7 °C for the
average meteorological conditions of the study. A value much greater
than results from other sugarbeet studies found in the literature but
representative of maximum measured Tc-Ta temperature measured in
deﬁcit irrigated plots of this study. Daily 3-h average CWSI calculated
using 15-min average estimates of TLL and TUL between 13:00 to 16:00
MDT provided more responsive representation of sugarbeet water stress
than measured soil moisture in deﬁcit irrigated plots. Using canopy
temperature to determine sugarbeet water stress would circumvent
problems of estimating soil water holding capacity, allowable soil water
depletion, eﬀective rooting depth, and soil water measurement for
water balance irrigation scheduling. Additional research should focus
on investigating the relationship between daily CWSI and available soil
water to allow estimation of needed irrigation application depth based
on computed CWSI. The relationship between seasonal CWSI, sugarbeet
yield and water use eﬃciency should be determined for establishing
optimum irrigation management based on CWSI.
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