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Abstract: Improvement of crop water use efficiency (CWUE), defined as crop yield per volume of
water used, is an important goal for both crop management and breeding. While many technologies
have been developed for measuring crop water use in crop management studies, rarely have these
techniques been applied at the scale of breeding plots. The objective was to develop a high-throughput
methodology for quantifying water use in a cotton breeding trial at Maricopa, AZ, USA in 2016
and 2017, using evapotranspiration (ET) measurements from a co-located irrigation management
trial to evaluate the approach. Approximately weekly overflights with an unmanned aerial system
provided multispectral imagery from which plot-level fractional vegetation cover ( fc) was computed.
The fc data were used to drive a daily ET-based soil water balance model for seasonal crop water
use quantification. A mixed model statistical analysis demonstrated that differences in ET and
CWUE could be discriminated among eight cotton varieties (p < 0.05), which were sown at two
planting dates and managed with four irrigation levels. The results permitted breeders to identify
cotton varieties with more favorable water use characteristics and higher CWUE, indicating that the
methodology could become a useful tool for breeding selection.

Keywords: breeding; drought; evapotranspiration; modeling; phenomics; remote sensing; unmanned
aerial system

1. Introduction

Drought stress arising from water deficit is a leading cause of crop production losses worldwide.
Specific regions of the world are also projected to experience increases in the frequency and severity
of future drought events due to effects of climate change on precipitation patterns [1,2]. To maintain
productivity and security of food, fiber, and other agricultural products, increasing crop water use
efficiency (CWUE), defined as the ratio of crop yield and water consumption volume, is an important
goal to ameliorate impacts of future drought. Increases in CWUE can result both from improvements
in agronomic management practices [3] and by developing improved crop cultivars that yield highly
under water deficit conditions [4]. Although these pathways are often pursued independently within
disciplinary boundaries, the most comprehensive solutions towards CWUE improvement will be
achieved through multidisciplinary efforts.

Adoption of information technologies for problem solving in the agricultural sciences has been
an especially pervasive occurrence in recent years. For example, precision irrigation, where water
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applications are tuned based on the spatial and temporal crop need, is a primary technology for
improving CWUE in crop production settings [5,6]. Other agronomic solutions involve improved
fertility management, optimizing sowing dates, using cover crops or mulches, and choosing
alternative crops or crop rotations [3]. In the plant sciences, high-throughput plant phenomics,
which involves deployment of crop sensing systems for rapid phenotyping of breeding populations,
has potential to guide crop improvement efforts toward cultivars with increased tolerance to drought
stress [4,7,8]. Information technologies in the form of sensors, imagers, data loggers, sensor deployment
vehicles, geographic information systems, geostatistical methods, data management approaches,
and engineering control systems are central to the success of these technical solutions to improving
CWUE. However, further efforts are needed to solidify the role of information technology for practical
advancement towards this goal.

Remote sensing has been used to estimate crop evapotranspiration (ET) and predict drought stress
at multiple scales [9–13]. For example, Yebra et al. [14] combined vegetation metrics derived from
the MODerate resolution Imaging Spectroradiometer (MODIS) satellite with the Penman-Monteith
equation to estimate ET for evergreen and deciduous broadleaf forests. At the agricultural field scale,
Colaizzi et al. [15] installed infrared thermometers on an overhead sprinkler irrigation machine to
estimate daily ET. They proposed that the approach could improve CWUE through better irrigation
scheduling. In addition, Hunsaker et al. [16] used multispectral cameras aboard a manned helicopter
to map the normalized difference vegetation index (NDVI) of a cotton (Gossypium hirsutum L.) field,
estimated basal crop coefficients from NDVI, and scheduled irrigation using an ET-based soil water
balance model [17]. Results for one growing season showed that the recommendations from the
scheduling model led to increased CWUE when NDVI was used to estimate basal crop coefficients.
Additional field testing is needed to further realize CWUE improvements using remote sensing to
guide irrigation management decisions.

Leveraging the technology previously developed for precision agriculture applications, remote and
proximal sensing has recently become a highly popular tool for field-based plant phenotyping,
particularly by integrating imaging equipment with unmanned aerial systems (i.e., drones) to obtain very
high resolution imagery of plant breeding trials. For example, Zaman-Allah et al. [18] related nitrogen
stress, senescence, and yield for ten maize (Zea mays L.) hybrids to NDVI from multispectral images
collected with a drone. In addition, Sankaran et al. [19] used a multispectral camera with a drone to
estimate seedling emergence and stand density for more than 100 winter wheat (Triticum aestivum L.)
varieties in Washington State. Condorelli et al. [20] measured NDVI with a drone-based multispectral
camera over 248 durum wheat (Triticum durum L.) lines at different growth stages and water regimes.
A subsequent genome-wide association study (GWAS) identified 22 single quantitative trait loci (QTL)
for NDVI, particularly as related to terminal drought stress. Although many important advancements
have been made, moving remote sensing data analyses beyond the NDVI will enhance the quantification
of useful phenotypes.

Few studies, if any, have aimed to directly phenotype crop water use or CWUE for purposes
of breeding or genomic analysis. Rather, the focus has been to estimate related plant traits, such as
spectral indices that correlate with plant water status, under both well-watered and water-limited
conditions [21–24]. A key difference is that plant water status describes the plant state at a singular
time point, whereas crop water use is a process that occurs over time. For this reason, efforts to
integrate process-based simulation models with spectral measurements of plant states may provide
phenotypes that better express the process-based nature of plant growth and water consumption [25].
Although the integration of remote sensing data with models of radiation transfer, crop growth,
and soil water balance has been widely studied for regional and field-scale mapping of crop water use,
such techniques have not been applied for field-based, high-throughput plant phenomics.

The main goal of this study was to develop a methodology for phenotyping crop water use
and CWUE in a cotton breeding trial, using ET estimates from a co-located irrigation management
study to evaluate the approach. It attempts to merge efforts from the ET remote sensing community
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with efforts in the plant science community in a multidisciplinary effort toward CWUE improvement.
Specific objectives were to (1) estimate fractional vegetation cover ( fc) from multispectral images
collected over the cotton field trials with a drone, (2) use plot-level fc to derive crop water use
calculations from an ET-based daily soil water balance model, and (3) identify cotton cultivars with
favorable yield, fiber quality and water use efficiency across treatments and growing seasons.

2. Materials and Methods

2.1. Field Experiments

Cotton field experiments were conducted at the University of Arizona’s Maricopa Agricultural
Center (MAC) near Maricopa, AZ (33.079◦N, 111.977◦W, 360 m above sea level) during the 2016
and 2017 growing seasons (Figure 1). The environment in central Arizona is arid and hot,
with maximum daily air temperatures regularly exceeding 38 ◦C in July and August. Growing
season precipitation from April through September amounted to 42 and 51 mm in 2016 and 2017,
respectively. In comparison, short crop reference ET during the same period was 1364 and 1404 mm in
2016 and 2017, respectively. Thus, cotton production required irrigation to meet evaporative demand.

2014

2015

0 25 50 75 m

Access Tubes
Irrigation Rate (mm)

 850 - 950 
 950 - 1050 
 1050 - 1150 
 1150 - 1250 
 1250 - 1350 
 1350 - 1450 
 1450 - 1550 

(a)

(b)

Figure 1. Experimental layouts for (1) a large-plot cotton irrigation management study with soil
water content measurements at 64 access tube locations (Experiment #1) and (2) a small-plot cotton
study comparing two planting dates (P1 and P2) with eight cotton cultivars and four irrigation rates
(Experiment #2) in the (a) 2016 and (b) 2017 growing seasons at Maricopa, AZ, USA. Seasonal irrigation
rates (mm) for each plot area are shown with false color composite images of the field on (a) 21 July
2016 and (b) 15 August 2017.
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Soil variability at the 6-ha field site was characterized via a multi-year soil sampling effort at
160 locations (not shown). A tractor-mounted soil sampler (model 25-TS, Giddings Machine Co.,
Windsor, CO, USA) was used to collect cylindrical soil samples (0.04-m diameter × 0.4-m depth)
at five incremental soil profile depths centered at 0.2, 0.6, 1.0, 1.4 and 1.8 m. Soil texture analysis
was conducted in the laboratory using the hydrometer method of Gee and Bauder [26], and the soil
water holding limits of each sample was computed from texture data using the Rosetta pedotransfer
functions [27]. For ET estimation purposes (discussed below), ordinary kriging was used to spatially
interpolate soil water limits at the central location of each field plot (Figure 1). Geostatistics were
conducted using the “geoR” package within the R Project for Statistical Computing software. Primarily,
soil texture at the field site was sandy loam and sandy clay loam with drained upper limits between
0.16 and 0.22 cm3 cm−3 and lower limits between 0.08 and 0.11 cm3 cm−3.

Data from two field experiments (Experiment #1 and Experiment #2), each with a unique
experimental design and purpose, were used to complete the objectives of this study. The two field
experiments were established on adjacent land areas (Figure 1), both receiving irrigation from the same
overhead, lateral-move sprinkler irrigation system (Zimmatic, Lindsay Corporation, Omaha, NE, USA).
Advanced technology on the irrigation machine permitted the application of variable irrigation rates
based on georeferenced irrigation maps uploaded to the machine’s control panel. The variable-rate
irrigation system permitted unique control of irrigation rates from individual drop hoses, which were
spaced 1.0 m apart and located at the center of each interrow area. Nozzles were positioned to emit
water less than 1.0 m above the soil surface. For uniform soil wetting prior to cotton emergence, spray
pads giving a spray diameter of approximately 5.0 m were used. After emergence, the pads were
changed to a “bubbler” style, which emitted large droplets with a 0.3-m spray diameter at the center of
each interrow area. In addition to reducing water loss to evaporation, the bubbler pads increased the
spatial accuracy of irrigation applications relative to the intended application areas delineated in the
georeferenced irrigation maps. Spatial application error with the variable-rate irrigation machine was
estimated to be less than 2.0 m. The overhead irrigation system with variable-rate capability permitted
both field experiments to incorporate multiple irrigation rates as a primary treatment.

Experiment #1 tested cotton yield and water use responses to variable irrigation rate and timing
for one commercial cotton variety (Deltapine 1549 B2XF, Monsanto Company, St. Louis, MO, USA).
Treatment plots were relatively large (12.2 m (12 cotton rows) × 30.0 m) and required a majority of
the field area (Figure 1). The experimental design included four replications of sixteen irrigation
management treatments (64 plots), which involved all the possible combinations of four irrigation
rates applied during two distinct periods of the growing season. The four irrigation rates were 60%,
80%, 100%, and 120% of the recommendation provided by an irrigation scheduling tool based on the
CSM-CROPGRO-Cotton agroecosystem model [28]. The two irrigation periods were from first square
to peak bloom (approximately the first of June through mid-July) and from peak bloom to 90% open
boll (approximately mid-July through the first week of September). The various combinations of the
four rates during the two times resulted in sixteen total irrigation treatments, which led to cotton
grown under a variety of soil water status conditions. The entire field area was disked and planed
prior to planting. Cotton was planted with a north-south row orientation on 25 April 2016 (day of year
(DOY) 116) and 18 April 2017 (DOY 108).

Of highest relevance to the present study, Experiment #1 incorporated weekly soil water content
measurements via a field-calibrated neutron moisture meter (model 503, Campbell Pacific Nuclear,
Martinez, CA, USA). After crop emergence, steel access tubes were installed at the center of each
treatment plot (Figure 1) using the tractor-mounted soil sampler. From mid-May to early October,
the neutron moisture meter was deployed on a weekly basis (approximately 20 times per growing
season) to measure soil water content from 0.1 to 1.9 m in 0.2-m incremental depths at each access
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tube. Soil water content data were used to estimate ET and deep seepage (DS) between successive
measurement events using the soil water balance approach described by Hunsaker et al. [29]:

ET =
7

∑
i=1

(Di,1 − Di,n−1) +
n−1

∑
j=1

(Rj + Ij)− DS, (1)

DS = max (0.0,
10

∑
i=8

(Di,1 − Di,n−1)), (2)

where ET is the total evapotranspiration and DS is the total deep seepage occurring from the
beginning of a given measurement day (denoted as day j = 1) to the end of the day before the
successive measurement date (denoted as j = n − 1), Di,1 and Di,n−1 are respectively the water depth
measurements at soil depth increment i at the beginning of day 1 and at the end of day n − 1, and Rj
and Ij are respectively the precipitation and net irrigation depths received on day j. For the sake
of practicality, soil water content measurements collected on the morning of day n were used to
approximate soil water content at the end of day n − 1. Deep seepage was not permitted to be negative,
meaning upflux from below the neutron access tube was considered negligible. The seasonal ET
estimates from neutron moisture meter data provided important verification that the ET estimation
methodology (discussed below) provided reasonably accurate results.

Experiment #2 was a breeding trial that tested the responses of eight cotton cultivars (Table 1) to
two planting dates and four irrigation rates (Figure 1). The experimental design was a randomized
complete block design with planting date as the block and irrigation rate treatments nested within
the blocks. Each cultivar was replicated three times for each irrigation treatment, totaling 96 plots
per block. The first planting date treatment was sown on 26 April 2016 (DOY 117) and 19 April 2017
(DOY 109), and the second planting date treatment was sown on 18 May 2016 (DOY 139) and 10 May
2017 (DOY 130). The four irrigation rates were 60%, 80%, 100%, and 120% of the recommendation
provided by a simulation tool for irrigation scheduling [28] and were administered consistently from
first square (early June) to 90% open boll (early September). Irrigation rates were administered uniformly
within spatial areas containing 24 treatment plots (8 cultivars × 3 replications). Buffer areas with width
of 6.0 m (six cotton rows) and planted to a single commercial cotton variety were incorporated centrally
along the boundaries of irrigation treatments to prevent spatial error in the variable-rate irrigation
application from affecting cultivar treatments. In 2016, the plot dimensions for cultivar treatments
were 3.0 m (three cotton rows) × 4.6 m with a 1.5 m buffer area between plots. In 2017, the plot size
was reduced to 2.0 m (two cotton rows) × 4.6 m, and the buffer area between plots remained 1.5 m.
Due to the relatively small size and large number of treatment plots (i.e., 192 per growing season),
plot-level ET estimation via neutron moisture meter measurements and other common ET measurement
methodologies was impractical. Thus, this study aimed to estimate ET by integrating plot-specific
remote sensing data and an ET-based soil water balance model with site-specific soil parameterization,
providing an approach for high-throughput phenotyping of cotton water use in this breeding trial.

Table 1. Summary of eight cotton cultivars planted in the cotton breeding trial during the 2016 and
2017 growing seasons at Maricopa, AZ, USA.

Abbreviation Full Name Type Source

Ark071209 Ark071209 Breeding line University of Arkansas, Keiser, AR, USA
Arkot9704 Arkot 9704 Released germplasm University of Arkansas, Keiser, AR, USA
DP1044B2RF Deltapine 1044 B2RF Commercial cultivar Monsanto Company, St. Louis, MO, USA
DP12R244R2 Deltapine 1441 RF Commercial cultivar Monsanto Company, St. Louis, MO, USA
DP1549B2XF Deltapine 1549 B2XF Commercial cultivar Monsanto Company, St. Louis, MO, USA
FM958 FiberMax 958 Commercial cultivar Bayer Crop Science, Raleigh, NC, USA
PD07040 Pee Dee 07040 Breeding line USDA-ARS, Florence, SC, USA
Siokra L23 Siokra L23 Improved variety CSIRO, Canberra, ACT, Australia
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The cotton breeding trial was machine harvested with a two-row picker on 1 November 2016
(DOY 306) and 8 November 2017 (DOY 312). Samples from each plot were bagged and weighed
separately in the field. Prior to the harvest date, 25 mature bolls were sampled from each plot and
ginned on a small research-scale cotton gin. Harvest weight, fiber turnout percentage, and plot area
were used to compute cotton fiber yield (kg ha−1) for each plot. Additionally, cotton fiber from the
25 mature boll samples was sent to Cotton Incorporated (Cary, NC, USA) for analysis of fiber quality
via High Volume Instrument (HVI) methods.

2.2. Multispectral Imaging

Remote sensing surveys from an autopiloted drone were conducted over the field site on multiple
occasions in 2016 and 2017 (Table 2). Images were collected either via a five-band multispectral
camera (RedEdge, MicaSense, Seattle, WA, USA) aboard a custom-built hexacopter or a four-band
multispectral camera (Sequoia, Parrot, Paris, France) aboard a fixed-wing drone (eBee, SenseFly,
Cheseaux-sur-Lausanne, Switzerland). The bandwidths and central wavelengths for the five-band
RedEdge camera were 20 nm at 475 nm (blue), 20 nm at 560 nm (green), 10 nm at 668 nm (red),
10 nm at 717 nm (red edge), and 40 nm at 840 nm (near infrared). For the four-band Sequoia camera,
bandwidths and central wavelengths were 40 nm at 550 nm (green), 40 nm at 660 nm (red), 10 nm
at 735 nm (red edge), and 40 nm at 790 nm (near infrared). Both cameras featured a global shutter
for multispectral image capture and an upward facing sensor for solar irradiance characterization
during overflight. The bit depth of images was 10 and 12 bits per channel for the Sequoia and
RedEdge cameras, respectively. Flight plans were designed for 80% image overlap along flight paths.
Image spatial resolution at the flight altitude of 75 m was approximately 5 cm per pixel.

Table 2. Multispectral image reconnaissance from unmanned aerial systems during the 2016 and 2017
cotton growing seasons at Maricopa, AZ, USA 1.

Date DOY DAP1 DAP2 Camera

28 May 2016 149 32 10 RedEdge
5 June 2016 157 40 18 RedEdge

28 June 2016 180 63 41 RedEdge
5 July 2016 187 70 48 RedEdge
12 July 2016 194 77 55 RedEdge
21 July 2016 203 86 64 RedEdge

6 August 2016 219 102 80 RedEdge
31 August 2016 244 127 105 RedEdge

8 September 2016 252 135 113 RedEdge
1 October 2016 275 158 136 RedEdge

3 May 2017 123 14 −7 RedEdge
24 May 2017 144 35 14 Sequoia
31 May 2017 151 42 21 Sequoia
6 June 2017 157 48 27 Sequoia

13 June 2017 164 55 34 Sequoia
20 June 2017 171 62 41 Sequoia
27 June 2017 178 69 48 Sequoia
11 July 2017 192 83 62 Sequoia

1 August 2017 213 104 83 RedEdge
15 August 2017 227 118 97 RedEdge
22 August 2017 234 125 104 RedEdge

1 day of year, DOY; days after the first planting, DAP1; days after the second planting, DAP2.

On the morning of remote sensing surveys, four 8-m × 8-m calibration tarps (Group VIII
Technologies, Provo, UT, USA) were positioned near the cotton field. Concurrently with drone
image acquisition, ground-based radiometric measurements of each calibration tarp were collected
with a portable field spectroradiometer (FieldSpec 3, Analytical Spectral Devices, Inc., Boulder,
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CO, USA), which was sensitive to wavelengths between 350 and 2500 nm. Additional radiometric
measurements over a calibrated, 99% Spectralon panel (Labsphere, Inc., North Sutton, NH, USA) were
used to characterize incoming solar irradiance and to compute spectral reflectance factors of each tarp
during overflight. Based on the quantum efficiency and filter functions for the multispectral cameras,
the tarp spectral reflectance data were filtered to provide singular reflectance factors for each tarp,
corresponding to each channel of the multispectral cameras. The filtered tarp reflectance data were
used for image calibration efforts.

A commercial photogrammetry software (Pix4DMapperPro, Pix4D S.A., Lausanne, Switzerland)
was used to stitch images for each channel of the multispectral cameras. Geographic coordinates from
21 ground control points around the field area were surveyed with a real-time kinematic (RTK) global
positioning receiver and were incorporated into the image processing for georeferencing purposes.
The Pix4D software was set to use camera calibration information and measurements from the upward
facing solar irradiance sensor for initial image calibration. Additionally, the software provided an
option to input the known reflectance of one calibration target. Because reflectance measurements
were available for the calibration tarps, the darkest calibration tarp was used for the known reflectance
input, instead of the typical reflectance panel supplied by the camera manufacturer.

Comparisons of the measured tarp reflectance data with the values from tarp pixels in the
orthomosaic suggested that additional image calibration was needed following Pix4D image processing.
For each multispectral image band, linear regression equations were developed to relate the measured
reflectance of all four calibration targets to the average pixel value of each target in the images.
Using the band math function in a commercial remote sensing software (Environment for Visualizing
Images (ENVI), Version 5.5, Exelis Visual Information Solutions, Boulder, CO, USA), the linear
regression equations were applied to compute reflectance for all pixels in the image. The set of four
(Sequoia) or five (RedEdge) calibrated multispectral image bands were then layer stacked, such that
false color composite images (e.g., Figure 1) could be inspected for accuracy of image calibration
and georeferencing.

Based on spectral information in all image channels, a supervised maximum likelihood classifier
within the ENVI software was used to segment the composite images into bare soil and vegetation
components. The classifier was trained by manually selecting regions of interest associated with the
two classes. Due to the relatively high spatial resolution from drone-based images, it was generally
simple to select multiple regions of interest that, with high certainty, represented pure spectral data
for each class. The image classification result was used to produce a binary image with values of
0 for bare soil and 1 for vegetation. The binary image was loaded into a geographic information
system (QGIS, www.qgis.org) for calculation of zonal statistics within the boundaries of each field
plot, as delineated with shapefile polygons (Figure 1). Based on the total vegetation pixels within
each polygon, the fractional vegetation cover ( fc) of each field plot was computed for each flight date
(Table 2).

2.3. Fractional Cover Modeling

To facilitate calculations of cotton water use for each field plot (discussed below), daily fc estimates
were obtained using a Kalman smoothing algorithm [30] to integrate drone-based fc measurements
with fc from a daily logistic growth model:

d fc

dt
= r fc

(
1 − fc

fc,max

)
, (3)

where r describes the growth rate (d−1) and fc,max is the maximum value that fc attains. This differential
equation has an analytical solution:

fc =

(
cer(t−t0)

1 + c
fc,max

er(t−t0)

)
, (4)

www.qgis.org


Remote Sens. 2018, 10, 1682 8 of 19

where
c =

fc,max fc,0

fc,max − fc,0
(5)

and fc,0 is fc at the initial time (t0). The model was parameterized for each field plot by adjusting r,
fc,0, and fc,max to minimize error between modeled fc and the drone-based fc measurements. The t0

term was fixed as the DOY for planting each plot. Subsequently, Equation (3) with fitted parameters
was incorporated into an unscented Kalman smoothing algorithm to develop daily fc time series that
considered uncertainty in both the measured and modeled fc data. Kalman smoothing was especially
important for characterizing fc in plots where the imposed treatments caused atypical growth patterns
(Figure 2). To achieve reasonable time series as assessed visually, the fc state transition variance was
set to 0.0002 while the measurement variance was set five times higher at 0.001. A Python script was
developed to conduct this analysis, which incorporated a Nelder–Mead optimizer within the “scipy”
package for parameter fitting and the “pykalman” package for unscented Kalman smoothing.
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Figure 2. Daily fractional vegetation cover ( fc) estimation using Kalman smoothing to integrate
drone-based fc measurements with a daily logistic growth model for plots that received (a) the
recommended irrigation schedule and (b) a schedule that underwatered early and overwatered late in
the 2017 growing season at Maricopa, AZ, USA.

2.4. Crop Water Use Estimation

The daily fc time series from Kalman smoothing were rescaled to formulate basal crop coefficient
(Kcb) time series, which were used to drive an ET-based daily soil water balance model as described
in the Food and Agriculture Organization of the United Nations Paper No. 56 (FAO-56) [17]. Briefly,
daily crop water use (ETc) was calculated with the following equation:

ETc = (KcbKs + Ke)ETos, (6)

where ETos is the standardized short crop reference evapotranspiration [31], Ke is the soil water
evaporation coefficient, and Ks describes the effect of water stress on transpiration. Daily ETos was
computed using data from an Arizona Meteorological Network station (AZMET) approximately 1.2 km
from the field site. Required meteorological measurements included the daily minimum and maximum
air temperature, dew point temperature, solar irradiance, and wind speed. Based on recommended
computations for maximum Kcb given environmental data for Maricopa, the Kcb time series were
rescaled from fc with a minimum value of 0.15 and maximum value of 1.225. The coefficients Ke and
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Ks were calculated as described in FAO-56. For Ks in particular, calculations were based on a daily
soil water balance methodology, where soil water holding limits define the total plant available water.
Under non-stressed conditions with root zone soil water at the drained upper limit, Ks is 1.0 and has
no effect on ETc calculations (Equation (6)). As soil water is depleted, reductions in Ks are calculated,
which lead to decreased ETc from plant transpiration. As mentioned above, the soil water holding
limits were specified uniquely for each treatment plot based on soil sampling, soil texture analysis,
pedotransfer function evaluations, and geostatistical calculations at the field site. Thus, the crop water
use calculations were based on plot-level, site-specific information for both the soil water holding
properties and the plant growth impacts on Kcb as characterized through drone-based fc. The soil
water status on day i was calculated as follows:

Di = Di−1 − Pi − Ii + ETci + DSi, (7)

where D is the depth of root zone soil water depletion from the drained upper limit at the end of the
day, P and I are the precipitation and irrigation received on the day, ETc is the daily crop water use
from Equation (6), and DS is the water lost to deep seepage, which is calculated when water inputs
exceed the root zone soil water storage capacity. This ET-based soil water balance model, as described
in FAO-56 [17], was coded as a Python script for use in all cotton water use calculations in this study.

For each treatment plot in both field experiments in both growing seasons, ETc calculations were
initiated on the day of planting and terminated after crop maturity in the first week of October.
To summarize the seasonal crop water use, daily ETc calculations were aggregated over time.
For comparison to measured ETc data in the irrigation management study (Equation (1)), daily ETc

calculations were aggregated from the first to the last neutron moisture meter measurement dates in
each growing season. For the cotton breeding trial, ETc data were aggregated over the entire calculation
period from planting to crop maturity. Furthermore, seasonal CWUE (kg m−3) was calculated from
the ratio of measured cotton fiber yield and modeled seasonal cotton ET. To eliminate the effect of
surface soil water evaporation, seasonal water use efficiency was also computed considering only the
transpiration component of ET (TWUE, kg m−3).

2.5. Statistical Analysis

Statistical software (SAS for Windows, ver. 9.3, SAS Institute, Cary, NC, USA) was used to fit a
linear model for each of eleven cotton traits in response to the experimental treatments in the breeding
trial. The eleven cotton traits were fiber yield (FY, kg ha−1), seasonal evapotranspiration (ET, mm),
crop water use efficiency (CWUE = FY:ET, kg m−3), seasonal transpiration (T, mm), transpiration water
use efficiency (TWUE = FY:T, kg m−3), micronaire (MIC, unitless), upper half mean fiber length (UHM,
mm), uniformity index (UI, mm mm−1), fiber strength (STR, HVI g tex−1), fiber elongation at failure
(ELO, %), and short fiber content (SFC, %). Mixed model analysis of variance was conducted for each
trait using the SAS MIXED procedure with the restricted maximum likelihood (REML) method. In the
case that more than one trait estimate was available per plot, the plot mean was used as the dependent
variable. The statistical model for each trait (Y) was

Yijklmn = µ + αi + β j + γk + δl(k) + (αβ)ij + (αγ)ik + (βγ)jk + (αδ)il(k) + (βδ)jl(k)

+(αβγ)ijk + (αβδ)ijl(k) + ζm + (αζ)im + εn(ijklm),
(8)

where experimental year (αi), cotton cultivar (β j), planting date (γk), irrigation treatment nested within
planting date (δl(k)), and corresponding interaction terms were fitted as fixed effects, and the replicate
(ζm) and year by replicate interaction ((αζ)im) were fitted as random effects. To examine associations
among traits, Pearson’s correlation coefficients (r) were determined using the SAS CORR procedure.
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3. Results

3.1. Crop Water Use Evaluation

Evaluation of seasonal cotton water use estimates from the drone-based ET modeling approach as
compared to ET measurements from neutron moisture meters demonstrated reasonable performance
with the modeling technique (Figure 3). The root mean squared errors (RMSE) between measured and
modeled seasonal ET among 64 treatment plots in the irrigation management study were less than 5%.
In both seasons, the model underestimated ET for the four treatment plots with the highest ET amounts.
These treatment plots received 120% of the recommended irrigation rate over the whole season and
were therefore overwatered. One possibility is that measured ET from the neutron moisture meters
was overestimated, which is likely considering that deep seepage was estimated from soil moisture
states typically one week apart (Equation (2)). In actuality, more water flux to deep seepage may have
occurred for the overwatered plots, which would reduce estimates for measured ET (Equation (1))
if it could be accurately measured. For other treatment plots, which were not overwatered for the
entire season, the agreement between measured and modeled ET was very good. In 2016 and 2017,
measured deep seepage ranged from 45 to 97 mm and from 21 to 63 mm, respectively (not shown).
Modeled deep seepage in both years ranged from 0 to 146 mm with a majority of plots modeled as
having zero seepage. On average, measured deep seepage was less than 7% and 4% of ET in 2016 and
2017, respectively, which demonstrates the high importance of crop water use as a pathway for water
loss from the agroecosystem. Overall, the results show that the drone-based fc and soil water balance
modeling approach could effectively estimate seasonal cotton water use at this field site.
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Figure 3. Modeled versus measured cotton evapotranspiration (ET) for the 64 irrigation management
plots from day of year (a) 138 to 277 in 2016 and (b) 129 to 274 in 2017 at Maricopa, AZ, USA.

3.2. Basal Crop Coefficients

The basal crop coefficient (Kcb) time series for each plot in the breeding trial were variable
according to the combined effect of planting date, irrigation rate, and cotton cultivar on fc, as measured
using drone-based images (Figure 4). For example on DOY 184 in 2016, which is approximately the
date of first flower, the Kcb among plots in the first planting varied from 0.40 to 1.09 (Figure 4a).
This means that some plots were transpiring as low as 23% of full transpiration capacity on this day,
while others were transpiring as high as 88% of full capacity. As compared to the standard trapezoidal
Kcb time series, which were computed based on days after planting as recommended in FAO-56,
many plots reached full transpiration capacity earlier than the standard, while others never reached
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full transpiration capacity. The drone-based fc data also suggested that late season Kcb remained
higher than the standard Kcb recommendation, which may be true because cotton was traditionally a
perennial plant and for agronomic purposes requires defoliation by desiccant application to terminate
leaf growth and transpiration. Overall, to the extent that Kcb via drone-based fc correlates to plant
transpiration rates, the data suggest highly variable water use patterns among the treatments imposed
in the cotton breeding trial.
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Day of Year
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1.2

K c
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(d)

Curves from drone-based fc Standard curve

Figure 4. Basal crop coefficients (Kcb) as estimated from drone-based fractional vegetation cover ( fc)
in the (a) first and (b) second planting in 2016 and the (c) first and (d) second planting in 2017 for
breeding trials conducted in Maricopa, AZ, USA. The standard trapezoidal Kcb curve as recommended
in FAO-56 is presented for comparison.

3.3. Statistical Results

Mean cotton fiber yield was 1831 kg ha−1 and ranged from 703 to 2929 kg ha−1 (Table 3),
as measured in the cotton breeding trial for two growing seasons, two planting dates, and four irrigation
rates. Computations of seasonal ET with the drone-based fc and soil water balance modeling approach
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ranged from 661 to 1223 mm, indicating that some plots used up to twice as much water as others.
Estimates of the seasonal transpiration component of ET ranged from 389 to 1069 mm. On average,
0.19 kg of cotton fiber was produced per m3 of water consumed (i.e., CWUE). Considering only
the transpiration component of ET, mean TWUE was 0.25 kg m−3, a 26% increase as compared to
calculations that included surface evaporation. This establishes an upper limit on the potential for
CWUE improvements through management practices that reduce surface evaporation.

The fiber quality measurements suggested desirable fiber characteristics in some cases and less
desirable characteristics in others. With micronaire values above 4.3, none of the plots produced fiber
with micronaire in the range required for premium pricing (i.e., 3.7 to 4.2). Upper half mean length
ranged from 26 to 32 mm, indicating medium to long fiber lengths. Uniformity indices ranged from 79
to 86 mm mm−1, indicating average to high fiber length uniformity. Fiber strength ranged from 27 to
40 HVI g tex−1, indicating average to very strong fibers. Elongation at failure ranged from 4.0% to 7.6%,
indicating very low to high fiber elongation and an overall wide range for this study. With r equal to
0.31 and 0.33 (not shown), CWUE and TWUE, respectively, were correlated with fiber elongation at
failure. Thus, the plots with higher water use efficiency tended to produce fibers that could stretch
more before breaking. In addition, with r equal to 0.30 and 0.34, seasonal ET and T, respectively, were
correlated with upper half mean fiber length. Thus, plots with higher water use generally produced
longer fibers. Fiber yield did not correlate with any fiber quality metrics with r greater than 0.24. Thus,
CWUE and TWUE were better estimators of fiber quality metrics than fiber yield in some cases.

Table 3. Simple statistics for eleven cotton traits as measured for the 2016 and 2017 cotton breeding
trials at Maricopa, AZ, USA, including cotton fiber yield (FY), seasonal evapotranspiration (ET),
crop water use efficiency (CWUE = FY:ET), seasonal transpiration (T), transpiration water use efficiency
(TWUE = FY:T), micronaire (MIC), upper half mean fiber length (UHM), uniformity index (UI),
fiber strength (STR), fiber elongation at failure (ELO), and short fiber content (SFC).

Trait Unit n Mean Std Dev Minimum Maximum

FY kg ha−1 383 1831.00 445.16 703.15 2929.00
ET mm 384 954.73 145.07 661.40 1223.00
CWUE kg m−3 383 0.19 0.04 0.10 0.31
T mm 384 757.50 158.85 389.20 1069.00
TWUE kg m−3 383 0.25 0.05 0.13 0.40
MIC unitless 384 5.17 0.30 4.30 6.00
UHM mm 384 28.96 1.02 26.16 31.50
UI mm mm−1 384 82.79 1.06 79.30 85.80
STR HVI g tex−1 384 31.85 1.86 27.20 39.70
ELO % 384 5.87 0.82 4.00 7.60
SFC % 384 8.23 0.60 6.70 10.70

Linear mixed modeling identified many differences (p < 0.05) for the eleven cotton traits in
response to the treatments imposed with the cotton breeding trial (Table 4). Mean FY, ET, CWUE,
T and TWUE were different in the two growing seasons. However, among the fiber quality traits,
only UI was different with growing season. The two planting date treatments led to differences
in most of the cotton traits, with the exception of two fiber quality traits, STR and SFC. Likewise,
irrigation rate led to differences in all traits except for the STR fiber quality trait. Differences among
the eight cotton cultivars were found for all eleven cotton traits. Fiber yield and ET were different for
all the interaction terms included in the model (Equation (8)), while the remaining cotton traits were
occasionally different for these interactions (not shown). Most importantly, the mixed modeling results
show that the methodology used to estimate cotton water use and CWUE led to differences for these
traits among the eight cultivars. Thus, the approach may have value for breeding programs that aim
to improve CWUE and identify drought tolerant cultivars.
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Table 4. Linear mixed modeling results for the cotton breeding trial at Maricopa, AZ, USA, including F
statistics and probability values (p) for cotton fiber yield (FY), seasonal evapotranspiration (ET),
crop water use efficiency (CWUE = FY:ET), seasonal transpiration (T), transpiration water use efficiency
(TWUE = FY:T), micronaire (MIC), upper half mean fiber length (UHM), uniformity index (UI),
fiber strength (STR), fiber elongation at failure (ELO), and short fiber content (SFC).

Trait Year Planting Date Irrigation Rate Cultivar

F p F p F p F p

FY 21.87 0.0001 273.97 0.0001 42.98 0.0001 5.31 0.0001
ET 96.23 0.0001 5589.25 0.0001 3073.79 0.0001 2.25 0.0305
CWUE 35.22 0.0001 38.79 0.0001 13.66 0.0001 5.22 0.0001
T 127.66 0.0001 1272.99 0.0001 941.46 0.0001 2.91 0.0061
TWUE 39.42 0.0001 23.06 0.0001 41.59 0.0001 5.77 0.0001
MIC 2.71 0.3474 11.35 0.0009 4.06 0.0007 15.70 0.0001
UHM 10.83 0.0525 18.56 0.0001 28.66 0.0001 6.75 0.0001
UI 54.69 0.0001 6.84 0.0112 11.31 0.0001 2.81 0.0079
STR 0.01 0.9328 0.17 0.6776 5.19 0.0001 14.24 0.0001
ELO 0.53 0.5479 8.75 0.0034 1.86 0.0884 17.84 0.0001
SFC 0.24 0.6363 3.63 0.0580 12.09 0.0001 3.82 0.0006

3.4. Relevance to Breeding

Improving CWUE via plant breeding requires the identification of cultivars that yield highly
but with reduced transpiration. An important aspect of the modeling methodology is that the crop
coefficients (Equation (6)) permit partitioning of water use among plant transpiration and surface
evaporation components. Thus, for purposes of breeding, the results can be discussed in terms of
TWUE, the crop yield per volume of water transpired because breeding will primarily improve CWUE
through the transpiration component of ET.

Plots of fiber yield versus seasonal transpiration demonstrated a positive correlation for all
growing season and planting date combinations (Figure 5), generally equating higher yield with higher
water use as commonly shown in crop water production functions [3]. Coefficients of determination (r2)
between fiber yield and seasonal transpiration were higher with the second planting than with the first
planting, indicating water management was a stronger driver of yield variability with later planting.
Both fiber yield and seasonal transpiration were reduced with the second planting as compared to the
first planting. The effect was due in part to a shorter growing season for the second planting because it
was planted approximately one month later than the first planting while irrigation for both planting
date treatments was terminated at the same time in early September. Extending the irrigation period
later into September may have increased fiber yield and transpiration for the second planting.

Reduction in seasonal transpiration for the second planting may also be due to environmental
differences. In central Arizona, the month of June (DOY 152 to 181) typically has high ambient
temperatures and low humidity, which leads to increased evaporative demand (i.e., ETos). In addition,
as seen in Figure 4, the Kcb (i.e., transpiration rate) during this period was much higher for the first
planting than for the second planting due to higher fc. Thus, water use in the month of June was
much greater for the first planting (Equation (6)). With the second planting, the hot and dry period in
June was largely avoided, and maximum Kcb was not attained until July when the Arizona monsoon
season brought higher humidity, reduced ambient air temperatures, and lower evaporative demand.
Thus, improvements in CWUE may come from better timing of the maximum Kcb period with the
Arizona monsoon season. Furthermore, because r2 between fiber yield and transpiration was greater
for the second planting, the Arizona monsoon season may provide a better environment for selecting
heritable traits that improve yield and CWUE and increase genetic gain in breeding populations.
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Figure 5. Cotton fiber yield versus seasonal transpiration for 96 treatment plots (4 irrigation rates ×
8 cotton cultivars × 3 replications = 96 plots) with (a) the first planting date in 2016; (b) the second
planting date in 2016; (c) the first planting date in 2017; and (d) the second planting date in 2017.
Data were collected as part of a cotton breeding trial conducted at Maricopa, AZ, USA.

The calculated TWUE for each cotton variety in the breeding trial showed significant variation
among planting dates and irrigation rates (Figure 6). The TWUE for the first 2017 planting at the
60% irrigation rate was unreasonably high (Figure 6c). This was likely due to errant irrigation
applications to those plots, which was supported by soil moisture measurements (data not shown).
After removing this treatment from consideration, DP1044B2RF (C3) and Arkot9704 (C2) demonstrated
the most consistent TWUE across years, planting dates, and irrigation treatments. Furthermore, C3 was
ranked as the second highest yielding line and also had consistent fiber quality traits across years
and treatments. This means producers should expect consistent yields with C3 and C2 over a range
of soil water status conditions. However, selecting on yield stability alone can be unreliable due to
the effects of environmental variation across growing seasons. Calculated TWUE may provide an
alternative phenotype for selection because aggregated environmental conditions are included in the
estimate, thus reducing selection error caused by environment or management variation. For example,
DP1044B2RF (C3) and FM958 (C5) consistently achieved higher TWUE at the 80% irrigation level as
compared to the higher irrigation levels, which may highlight commercial breeders’ efforts to select for
drought tolerance in the development of these varieties.
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Figure 6. Transpiration water use efficiency (TWUE) for eight cotton cultivars (C1, Ark071209; C2,
Arkot9704; C3, DP1044B2RF; C4, DP12R244R2; C5, DP1549B2XF; C6, FM958; C7, PD07040; C8,
Siokra L23) at four irrigation rates (60%, 80%, 100%, and 120% of recommended amounts) for (a) the
first planting date in 2016; (b) the second planting date in 2016; (c) the first planting date in 2017;
and (d) the second planting date in 2017. Data were collected as part of a cotton breeding trial conducted
at Maricopa, AZ, USA.

4. Discussion

A main advantage of the ET-based soil water balance model (Equations (6) and (7)) is its
partitioning of crop water use into surface evaporation and plant transpiration components via
crop coefficients (Kcb, Ks, and Ke). As dictated by the model equations [17], Ks and Ke are mainly
influenced by soil water holding characteristics, and Ke is additionally influenced by the irrigation
system and ground cover. Thus, reductions in crop water use via changes to these coefficients can
be achieved only through adjustments in management practices. Some options include switching to
subsurface drip irrigation to limit surface evaporation, adopting conservation tillage to increase ground
cover, or using variable-rate irrigation to adjust irrigation rates based on the site-specific soil water
holding characteristics. The remaining coefficient, Kcb, is the primary driver of plant transpiration in
the model. As such, reductions in crop water use via changes to Kcb can be achieved mainly through
plant breeding. The goal for breeding should be to select varieties that yield highly while exhibiting
Kcb time series (Figure 4) that reduce water use through transpiration. By incorporating models of
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cropping system processes into crop breeding and management efforts, the improvements offered by
management versus breeding can be better quantified.

The present study achieved high-throughput phenotyping of crop water use efficiency using
relatively simple imaging and modeling technologies. Obviously, plant transpiration is dictated by
processes with higher complexity than can be described through fc time series alone. For example,
the processes of root water uptake, water transport through the plant, leaf stomatal conductance,
and other plant water regulatory mechanisms are not considered in this study. Incorporation of more
complex models that consider plant water status in greater detail may improve transpiration estimates,
although models with higher complexity often also increase the model parameterization requirements.
To be effective, the model parameters would need to be accurately estimated, or perhaps phenotyped,
for each variety, which could be the subject of future studies. In this study, a simpler model was
chosen due to the relative ease of driving the model with basic fc measurements from drone-based
multispectral imaging. A main contribution is the use of time-series fc estimates with a simple soil
water balance model to provide seasonal transpiration estimates for breeding trials at the plot-level.
As such, the relatively simple methodology provides a practical way to incorporate information on
crop water use into decisions on breeding selection and may be especially useful when the goal is to
simply determine which varieties to keep in the breeding program.

As this study represents one of several initial efforts with drone-based imaging at the Maricopa
research station, much has been learned over the duration of the study. Regarding the choice of
sensors, the commercial multispectral cameras (i.e., Micasense RedEdge and Parrot Sequoia) were
popular products marketed for the agricultural sector at the time of the study, and they were therefore
given primary focus for flight hours. As such, the data from these sensors more fully covered the
growing season as required for time-series fc estimates herein. An astute reader will note that fc time
series could perhaps be more easily attained from digital color (RGB) cameras, which is a simpler
and more pervasive imaging technology with greater commercial options for choices of camera and
drone platform. Additionally, the image spatial resolution is often higher for RGB cameras, and image
calibration methods are simpler as compared to multispectral image calibration. Data from RGB
cameras were also collected over the field site but with less frequency and consistency, which made
these data less useful for the study. Because the Parrot Sequoia camera collected both RGB and
multispectral data, efforts with this camera in 2017 (Table 2) aimed to collect both types of data in
a single drone flight. However, the success of this approach was reduced by data reliability issues
with the camera and multiple crashes of the fixed-wing drone for which the camera was designed.
Hence, the MicaSense RedEdge camera on a custom hexacopter drone was the favored configuration
herein. For future efforts to map fc time series, an even better configuration may be an RGB camera
on a copter-style drone, for which there are now many commercial options. However, future studies
should also further contrast the advantages and disadvantages of multispectral versus RGB imaging
from drone platforms.

Missing from this study is the use of thermal cameras to quantify differences in plant water status
among varieties, which again was related to giving primary focus for flight hours to the multispectral
cameras. Incorporating canopy temperature information from thermal cameras into the methodology
has great potential to improve transpiration estimates among varieties. For example, Kullberg et al. [32]
recently described the use of stationary infrared thermometry to adjust Ks in the ET-based soil water
balance model (Equation (6)), applied to maize. Although their data was collected from ground-based
systems rather than drones, their approach demonstrates the integration of Kcb from RGB data and
Ks from thermal data into the ET-based soil water balance model for quantifying maize water use.
Future efforts should evaluate this data fusion technique for improved high-throughput phenotyping
of crop water use among crop varieties, likely using RGB and thermal data from drone-based images
or sensors mounted on ground-based phenotyping vehicles [25].
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5. Conclusions

High-throughput phenotyping of water use in 192 cotton breeding plots was achieved using
approximately weekly vegetation cover estimates from drone-based multispectral cameras to drive
basal crop coefficients in a daily soil water balance model. Differences in water use estimates among
eight cotton cultivars were found via linear mixed modeling, indicating that the approach can assist
breeders in the identification of cultivars with favorable water use characteristics. Combining the
water use estimates with crop yield can quantify crop water use efficiency, allowing breeders to
select varieties that maximize crop production per volume of water used. Options for improving
the methodology include considering models with greater complexity in crop water use processes,
assessing alternative options for drone-based image data collection, and incorporating other crop
phenotypes such as canopy temperature. Taken together, the study demonstrates a methodology for
high-throughput phenotyping of crop water use, providing breeders a tool for water use quantification
and additional traits for consideration in selective breeding.
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