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Abstract: Precision irrigation optimizes the spatiotemporal application of water using
evapotranspiration (ET) maps to assess water stress or soil apparent electrical conductivity (ECa )
maps as a proxy for plant available water content. However, ET and ECa maps are rarely used
together. We developed high-resolution ET and ECa maps for six irrigated fields in the Midwest
United States between 2014–2016. Our research goals were to (1) validate ET maps developed
using the High-Resolution Mapping of EvapoTranspiration (HRMET) model and aerial imagery via
comparison with ground observations in potato, sweet corn, and pea agroecosystems; (2) characterize
relationships between ET and ECa ; and (3) identify potential precision irrigation benefits across
rotations. We demonstrated the synergy of combined ET and ECa mapping for evaluating whether
intrafield differences in ECa correspond to actual water use for different crop rotations. We found that
ET and ECa have stronger relationships in sweet corn and potato rotations than field corn. Thus, sweet
corn and potato crops may benefit more from precision irrigation than field corn, even when grown
rotationally on the same field. We recommend that future research consider crop rotation, intrafield
soil variability, and existing irrigation practices together when determining potential water use,
savings, and yield gains from precision irrigation.
Keywords: precision agriculture; precision irrigation; evapotranspiration; apparent electrical
conductivity; proximal sensing; soil water content; crop rotations; coarse-textured soils; aerial
remote sensing

1. Introduction
Precision irrigation is an agricultural practice where irrigators optimize the spatiotemporal
application of water to maximize yield and minimize environmental impacts, and can reduce water use
by up to 50% compared to traditional irrigation systems [1,2]. Precision irrigators often use proximal
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surveys of soil apparent electrical conductivity (ECa ) for decision support when applying water at
the subfield scale [3]. Soil ECa is influenced by particle size distribution, organic matter content,
and structure, which are all also drivers of soil hydraulic properties [4,5]. Ideally, proximal surveys
of ECa are conducted prior to tilling, planting, and fertilization on recently drained soils near field
capacity [6–8]. Under these survey conditions, ECa has been demonstrated to predict soil hydraulic
properties (e.g., field capacity, plant available water content) and expose water-limited yield gaps on a
variety of soil types around the world [4,9–15]. Though ECa is an informative proxy for soil hydraulic
properties, irrigators still face challenges when making in-season management decisions because maps
of ECa are only static indicators of plant available water content. To manage water more effectively,
irrigators also require information on crop water use dynamics throughout the growing season.
One source of data on crop water use dynamics is in-season maps of evapotranspiration (ET)
derived from aerial or satellite imagery. High-resolution maps of ET are useful for identifying portions
of a field that are water-stressed. Transpiration is a physiological indicator of crop growth, as it is links
the carbon and water cycles [16]. Differences in transpiration drive water availability patterns within a
cropping system, generating “hot spots” or areas that are consistently under-or over-irrigated [17].
High-resolution maps of ET can expose irrigation hot spots integrating more biophysical information
than crop water stress indicators based on canopy temperature alone [18]. Crops that are consistently
under or over irrigated may exhibit low transpiration, which is a physiological indicator of either water
or oxygen limitation [19]. However, in order to understand whether crops are consistently under or
over irrigated, ET maps need to be compared with maps of plant available water content.
The comparison of high-resolution maps of ET, a dynamic indicator of crop water use, and ECa ,
a static indicator of plant available water content, may expose potential benefits and drawbacks to
implementing precision irrigation for different crop rotations. Persistent patterns in the magnitude and
variability of ET within a cropping system can indicate differences in soil texture and plant available
water content [18,20]. However, the spatial relationships between ET and plant available water content
may change with different crop rotations because of canopy structure, root distribution, physiology, and
breeding. As such, we hypothesize that there may be differences in the amount of ‘precision’ required to
optimize water use in irrigated, rotational cropping systems. We test this hypothesis by quantifying the
relationships between high resolution estimates of ET and ECa across different crop rotations and fields
in a humid agricultural region with coarse soils. A strong relationship between ET and ECa indicates
that intrafield differences in crop water use are related to plant available water content, which would
be the most pronounced in fields with heterogenous soils. This scenario is a favorable opportunity for
precision irrigation intervention—increasing irrigation inputs over the coarsest portions of the field
should result in higher transpiration rates. Alternatively, limited relationships between ET and ECa
indicate that soil properties are not driving crop physiology and greater spatial control of irrigation
will not impact transpiration. Soil properties will not drive crop physiology through their effects on
water availability in (1) fields that have extremely spatially homogenous soils; and/or (2) fields that are
being influenced by external management factors such as uneven fertilizer distribution. The greater
the variability in intrafield soil texture and hydraulic properties on a uniformly irrigated field, the
stronger the relationships should be between ET and ECa .
We explore ET and ECa relationships across different traditionally irrigated crop rotations to assess
potential benefits from precision irrigation interventions on coarse soils. Our research goals were to (1)
develop ET maps for irrigated rotational crops using and validating the High-Resolution Mapping
of EvapoTranspiration (HRMET) model, aerial imagery, and ground observations; (2) characterize
relationships between water use and availability across crop rotations within the same fields and across
different crop types (e.g., potato, sweet corn, field corn, peas) using ET and ECa maps; (3) identify
potential precision irrigation benefits on both a field and crop basis.

a humid climate, relatively abundant groundwater supply, and rapidly expanding irrigated
agriculture [21]. Coarse-grained glacial aquifers throughout these states support coldwater trout
streams, lakes, and wetlands [22]. The Wisconsin Central Sands (WCS, Figure 1a) is a relatively small
(6400 km2) ecological region in the U.S. northern Great Lakes states where the coarse soils and
groundwater
have facilitated intense agricultural productivity that helps make Wisconsin
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the fourth leading producer of fresh market and processing vegetables in the United States [23].
Groundwater is strongly connected to the 1000 km of headwater streams, 80 lakes, and abundant
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We used aerial remote sensing to map ET, proximal sensing to map ECa , and collected
complementary ground observations from six commercial fields (denoted H, G, P, L, E, W) in
the WCS that had an average planted area of 23 ha for the 2014–2016 growing seasons (Figure 1).
We collected aerial imagery and ground observations in partnership with Isherwood Farms, a 600-ha,
sixth-generation family farm growing irrigated potatoes, sweet corn, field corn, and peas (Figure 1).
Isherwood Farms does not currently use precision irrigation methods (e.g., variable-rate irrigation)
and uniformly applies irrigation over each field from a center pivot based on weather monitoring, soil
conditions, and crop observations. In these agroecosystems, irrigation typically commences at the end
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of June and supplements rainfall as 6–15 mm events applied every 2–3 days. All six fields are relatively
flat and well drained, with sand, loamy sand, and sandy loam soil textures. Agronomic information
for each crop, field, and growing season is presented in Table 1.
Table 1. Cropping systems.
Site/Year

Planted Area (ha)

Field H
2014
2015
2016

26

Field G
2014
2015
2016

30

Field P
2014
2015
2016

14

Field L
2014
2015
2016

16

Field E
2014
2015
2016

25

Field W
2014
2015
2016

28

Crop

Planting Date

Harvest Date

peas
potato
field corn

22 May
1 May
15 May

27 July (pearl millet cover crop)
16 September (vine kill 13 August)
11 November

potato
field corn
sweet corn

9 May
10 May
2 June

10 September (vine kill 22 August)
28 October
31 August

field corn
sweet corn
potato

12 May
30 May
6 May

3 November
1 September
2 October (vine kill 19 August)

sweet corn
sweet corn
potato

24 May
30 May
7 May

25 August
1 September
5 October (vine kill 19 August)

sweet corn
potato
field corn

24 May
3 May
16 May

25 August
21 September (vine kill 20 August)
11 November

field corn
peas
potato

15 May
30 May
4 May

3 November
23 July (pearl millet cover crop)
28 September (vine kill 19 August)

2.2. Remotely Sensed Maps of ET
High-resolution maps of ET can be created using satellite or aircraft imagery from multiple
wavelength bands to estimate canopy surface temperature and reflectance-based vegetation
indices [17,18,27]. Canopy surface temperature, aerodynamic temperature, and vegetation indices
form the basis for several energy balance models that either explicitly represent vegetation and soil as
two sources within a pixel [28–30] or combine vegetation and soil together as a single source within a
pixel [31,32]. The majority of these remotely sensed ET models require the designation of ‘hot/dry’ vs.
‘cold/wet’ pixels to indicate the minimum and maximum limits of ET within an image and facilitate
contextual scaling of ET values between these limits [28,31,33,34]. Though this type of contextual
scaling approach requires less input data and processing [27] and reduces uncertainty arising from
meteorological inputs [33], it has unique drawbacks for precision agricultural applications where
fields are relatively homogenous and endmember pixels are challenging to identify [18]. Moreover,
in irrigated cropping systems, agricultural fields are maintained to minimize water stress; which
makes it especially challenging to identify ‘hot/dry’ pixels in the relatively small image domain
(<1 km2 ) needed to capture high-resolution data. To meet the unique challenges of mapping ET for
irrigated agroecosystems, we used the High-Resolution Mapping of EvapoTranspiration (HRMET)
model [18] to estimate ET using airborne imagery and local meteorological forcing. HRMET is a
one-dimensional (vertical), process-based energy balance model that uses canopy characteristics, land
surface temperature, and meteorological data to estimate latent heat flux as the residual of the energy
balance, which can then be converted to ET [18]. HRMET uses a two-source algorithm to estimate
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available energy for vegetation and soil and a single-source iterative calculation of sensible heat flux at
a pixel, which eliminates the need for contextual scaling using ‘hot/dry’ or ‘cold/wet’ pixels and makes
HRMET well suited for precision agricultural applications. For more information about the theory and
structure of HRMET, please refer to Zipper and Loheide (2014) [18]. HRMET is an open-source model
and the code for R and MATLAB are available at https://github.com/samzipper/HRMET.
Here, we apply HRMET in a gridded manner over our domain using remotely sensed maps
of canopy surface temperature (Section 2.3), LAI and h (Section 2.5), and local meteorological data
(Section 2.6) as inputs. We ran simulations at a spatial resolution of 2 m in order to match the resolution
of the canopy surface temperature data. The inputs derived from micrometeorological stations required
for HRMET include air temperature (◦ C), wind speed (m s−1 ), air vapor pressure (kPa), and atmospheric
pressure (kPa). Finally, HRMET requires emissivity and albedo values for both vegetation and soil
to calculate the energy balance. We used emissivity values of 0.94 and 0.95 for vegetation and soil;
assuming a standard deviation of 0.01 because there is a small range in emissivity for these surfaces [16].
We used albedo values of 0.20 and 0.11 for vegetation and irrigated sandy soils maintained near field
capacity; assuming a standard deviation of 0.05 [16]. Though HRMET does not require calibration and
has already been validated for field corn in Wisconsin via comparison to the Shuttleworth–Wallace
approach [18], we provide additional validation from this study in potato, sweet corn, and pea-pearl
millet cropping systems.
We assessed the influence of error from all model inputs on ET estimates using a Monte Carlo
approach [35]. The mean and standard deviation of all spatial, meteorological, and empirical inputs
were used to create an ensemble of input data based on the standard normal distribution. We then
solved HRMET 300 times at each pixel with a randomly selected group of inputs for each permutation
of HRMET. We conducted a power analysis with field ‘P’ (the smallest field with the shortest model
run time) to determine that 300 permutations were required to ensure stability. The 300 ET estimates
were used to calculate the final mean and standard deviation of ET for each pixel. Combined, this
permutation-based analysis led to 980,534,100 HRMET calculations for our 68 images with 3,268,447
pixels and 300 calculations pixel−1 . Each HRMET input and its data source are described in Table 2.
Table 2. HRMET inputs.
HRMET Input

Spatial Resolution

Source

Uncertainty Estimation Used to Create
Monte Carlo Ensemble of Input Data

Canopy temperature

2m

Thermal imagery
(Section 2.3)

25-pixel moving window to generate
average canopy temperature per pixel
and standard deviation

LAI

5m

Multispectral imagery
(Section 2.3)

Coefficient matrix based on 50
permutations of LAI-EVI predictive
model (Section 2.5)

Height

5m

Multispectral imagery
(Section 2.3)

Coefficient matrix based on 50
permutations of LAI-EVI predictive
model (Section 2.5)

Air temperature

fixed

Micromet (Section 2.6)

10-min measurements averaged over
flight time from three met stations

Wind Speed

fixed

Micromet (Section 2.6)

10-min measurements averaged over
flight time from three met stations

Relative humidity

fixed

Micromet (Section 2.6)

10-min measurements averaged over
flight time from three met stations

Solar radiation

fixed

Micromet (Section 2.6)

10-min measurements averaged over
flight time from three met stations

Albedo

fixed

Empirical (Section 2.2)

0.05 standard deviation imposed

Emissivity

fixed

Empirical (Section 2.2)

0.01 standard deviation imposed
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2.3. Airborne Missions and Data Processing
Twelve airborne missions were conducted during the growing seasons of 2014–2016 (4 per
June–August) to capture data during different crop rotations and phenological stages (Table 3).
We acquired thermal and multispectral imagery over six fields from equipment mounted on the
underside of a single engine three-passenger Cessna aircraft. Though all attempts were made to have
airborne missions coincide with cloud-free days, some images were cut off or discarded because of cloud
interference. The thermal imagery was captured using a FLIR A320 thermal infrared imaging camera
at a pixel size of 1–2 m based on flight elevation (FLIR Systems, Wilsonville, OR, USA). We performed
atmospheric corrections using ThermaCAM Researcher Pro 2.7 software (FLIR systems, Wilsonville,
OR, USA 2003), georeferenced the data to National Agricultural Imaging Program (NAIP) imagery,
and mosaicked images using ArcMap 10 (ESRI, Redlands, CA, USA, 2010). We estimated the mean
and standard deviation of surface temperature data using a 25-pixel moving window approach [18].
Table 3. Airborne missions.

Mission

Date (DOY)

Flight
Time
(UTC)

1
2
3
4
5
6
7
8
9
10
11
12

6 June 14 (157)
16 July 14 (197)
23 July 14 (204)
7 August 14 (219)
16 June 15 (167)
02 July 15 (183)
27 July 15 (208)
11 August 15 (223)
17 June 16 (169)
1 July 16 (183)
1 August 16 (214)
18 August 16 (231)

16:12–16:28
15:50–16:17
15:07–15:24
15:38–15:54
17:15–17:45
16:21–16:36
16:02–16:19
15:37–15:58
15:40–16:13
15:42–16:19
15:34–16:05
16:15–16:38

Air
Wind Speed
Temperature
(m s−1 )
◦
( C)
24.8 (0.5)
20.1 (0.5)
21.6 (0.3)
24.1 (0.2)
21.4 (0.8)
20.3 (0.3)
27.6 (0.5)
23.5 (0.4)
25.6 (0.1)
18.3 (0.2)
25.7 (0.2)
27.4 (0.4)

1.1 (0.7)
1.3 (0.5)
1.2 (0.3)
1.3 (0.7)
0.8 (0.3)
0.8 (0.4)
1.1 (0.4)
1.2 (0.1)
0.9 (0.6)
2.1 (0.4)
0.7 (0.3)
1.6 (1.0)

Solar
Radiation
(W m−2 )

Vapor
Pressure
(kPa)

690 (156)
791 (157)
650 (55)
664 (18)
1058 (83)
785 (3)
730 (84)
500 (227)
727 (5)
813 (10)
691 (1)
543 (117)

1.7 (0.1)
1.3 (0.1)
1.7 (0.0)
1.8 (0.1)
1.4 (0.0)
1.3 (0.0)
2.4 (0.0)
1.8 (0.0)
1.9 (0.1)
1.4 (0.1)
2.2 (0.1)
2.4 (0.1)

We collected multispectral images using a six-sensor Tetracam Multi Camera Array (MCA) system
(Tetracam Inc., Los Angeles, CA, USA) at a pixel size of 0.6–0.8 m with multiband sensors centered
at 450, 570, 620, 650, 670, and 860 nm. Multispectral images were coregistered using Pixelwrench
(Tetracam Inc., Los Angeles, CA, USA 2001) and georeferenced to NAIP imagery. We converted digital
numbers captured by the MCA system to surface reflectance values using the control points method
described by Kang et al., (2016) [36]. In brief, we chose 3–5 stable control points (e.g., healthy green
grass, concrete parking area) present in each image and collected ten spectral reflectance measurements
at 1 nm resolution from each point using an ASD handheld spectroradiometer at the end of the 2016
field season (Analytical Spectral Devices, Inc., Boulder, CO, USA). We averaged spectral reflectance
measurements at 10 nm intervals matching each MCA band in order to build linear relationships
between digital numbers and surface reflectance values at each control point, which we used to
convert digital numbers to surface reflectance values. All digital number-surface reflectance fits had
R2 values >0.71. We spatially aggregated images to 5 m resolution to represent the canopy scale of
indices with both plants and soil in each pixel [27]. We computed the Enhanced Vegetation Index
(EVI) [37,38] from aggregated images using surface reflectance data. Overpass time, image collection
height, and meteorological conditions for each mission are detailed in Table 2.
2.4. ECa Surveys
We partnered with a precision agricultural consulting firm to conduct proximal surveys of ECa
prior to cultivation when soil moisture was at or near field capacity on 13 April 2015 for fields P, L,
E, and W and 21 April 2016 for fields H and G (Precision Waterworks LLC, Plainfield, WI, USA).
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Measurements were collected using the Veris Soil EC 3100 (Veris Technologies, Salina, KS, USA), which
is an instrument that estimates bulk shallow (ECa_sh , integrated over 0–0.3 m soil depth) and deep
(ECa_dp , integrated over 0–0.9 m) ECa via electromagnetic induction [39]. We collected ECa point data
from 18-m wide transects and made a measurement every 2–3 m along each transect. All ECa survey
data were temperature corrected to 25 ◦ C using the model of Sheets and Hendrickx (1995) corrected by
Corwin and Lesch (2005) [40,41]. We interpolated ECa survey data (n = 215–230 ha−1 ) to a 2-m grid
for all six fields (n = 2100–2200 ha−1 ) using ordinary kriging and spherical variogram models [42,43]
in ArcMap 10 (ESRI, Redlands, CA, USA, 2010; Figure 2). A companion study established that these
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andSens.
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We collected weekly measurements of leaf area index (LAI, m2 m−2 ) during the growing seasons
of 2015–2016 using a LI-COR LAI-2200 plant canopy analyzer (LI-COR Inc., Lincoln, NE, USA). LAI
of 2015–2016 using a LI-COR LAI-2200 plant canopy analyzer (LI-COR Inc., Lincoln, NE, USA).
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modeling using empirical relationships developed from ground-based measurements of phenology
Vegetation indices such as EVI have often been used to predict LAI and h for energy balance
[45,46]. The relationships between EVI, LAI, and h in cropping systems are best represented by
modeling using empirical relationships developed from ground-based measurements of phenology [45,46].
different simple functional forms including linear, power, and exponential fits with two or three
coefficients [36]. We compiled all 2015–2016 spatially explicit LAI, h, and EVI values to generate
models to predict LAI and h from EVI for field corn, sweet corn, potato, peas, and pearl millet (midseason cover crop following peas). The data were fit using a nonlinear least squares regression
approach with six possible functional forms (linear, power, and exponential with two or three
coefficients). We chose the best functional form for each crop model of LAI or h based on minimizing
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The relationships between EVI, LAI, and h in cropping systems are best represented by different
simple functional forms including linear, power, and exponential fits with two or three coefficients [36].
We compiled all 2015–2016 spatially explicit LAI, h, and EVI values to generate models to predict LAI and
h from EVI for field corn, sweet corn, potato, peas, and pearl millet (mid-season cover crop following peas).
The data were fit using a nonlinear least squares regression approach with six possible functional forms
(linear, power, and exponential with two or three coefficients). We chose the best functional form for each
crop model of LAI or h based on minimizing RMSE values. We used a permutation-based approach [18]
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2.6. Micrometeorology
Three micrometeorological weather stations were installed (Figure 1b, ‘M’) adjacent to fields in
2013 according to the World Meteorological Organization guide for agrometeorological observations
from fixed stations [47]. Instruments measuring precipitation (S-RGA-M0002; Onset Computer Corp.,
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2.6. Micrometeorology
Three micrometeorological weather stations were installed (Figure 1, ‘M’) adjacent to fields in
2013 according to the World Meteorological Organization guide for agrometeorological observations
from fixed stations [47]. Instruments measuring precipitation (S-RGA-M0002; Onset Computer Corp.,
Bourne, MA, USA), temperature and relative humidity (S-THB-M002; Onset Computer Corp., Bourne,
MA, USA), wind speed (S-WSB-M003; Onset Computer Corp., Bourne, MA, USA), and solar radiation
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2.7. Shuttleworth–Wallace Validation

2.7. Shuttleworth–Wallace
Validation
We validated HRMET
estimates of instantaneous ET (mm hr−1 ) for potato, sweet corn, and
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phenological
and
meteorological
inputs
required
for HRMET,
the Shuttleworth–Wallace
model
requires surface soil moisture and stomatal conductance inputs to estimate surface resistance. We
collected surface soil moisture and stomatal conductance measurements during or immediately after
airborne missions in 2015–2016. Within an hour of each airborne mission, we collected 7–10
measurements of stomatal conductance (SC-1 Leaf Porometer, Decagon Devices, Inc., Pullman, WA,
USA) and 20 measurements of surface soil moisture (Thetaprobe ML2x, Delta-T Devices, Cambridge,
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We collected surface soil moisture and stomatal conductance measurements during or immediately
after airborne missions in 2015–2016. Within an hour of each airborne mission, we collected 7–10
measurements of stomatal conductance (SC-1 Leaf Porometer, Decagon Devices, Inc., Pullman, WA,
USA) and 20 measurements of surface soil moisture (Thetaprobe ML2x, Delta-T Devices, Cambridge,
UK) at 2–5 locations in potato, sweet corn, or pea-pearl millet agroecosystems. Stomatal conductance
and surface soil moisture measurement locations were always chosen to coincide with LAI and h data
collection locations demarcated in Figure 2. These measurements provided us with 2–5 validation
points for each of the 8 airborne missions in 2015–2016. The number of validation points depended
on the speed with which we could calibrate the porometer and move among calibration sites within
an hour of the flight. Any Shuttleworth–Wallace points that did not have a complementary HRMET
estimate (due to clouds) were eliminated from the validation, leaving 26 total validation points.
The surface soil moisture measurements were used to calculate surface soil resistance using the method
of Camillo and Gurney (1986) [52] and assuming a uniform saturated soil water content of 0.41 m3 m−3
for loamy sand [53]. We used a sunlight extinction model [16] to estimate total sunlit LAI and a big leaf
approach to upscale stomatal conductance measurements to total bulk canopy resistance [51].
2.8. Relative Indices and Ordinal Correlation Analyses
We used the relative ET index (ETR ) [18] to examine intrafield variability in ET over different crop
rotations. To calculate ETR , we linearly normalized mean ET rates to the 5th and 95th percentile for
each mosaicked set of images for a single field on a given measurement date. Thus, an ETR value of 1
indicates the maximum ET rates within a field, while an ETR value of 0 indicates minimum ET rates
within a field. To examine relationships between ETR and plant available water content across fields
and rotations, we also linearly normalized shallow and deep ECa values for each field to the 5th and
95th percentile.
Though ET is a temporally variable process subject to external forcing (e.g., seasonality, weather),
we are interested in understanding how its intrafield spatial variability and sensitivity to differences
in soil properties responds to changes across different crop rotations. Thus, we used the normalized
ETR index to examine the strength and direction of relationships with normalized ECa_sh and ECa_dp
values within each field using ordinal correlation analyses on a per-pixel basis (n = 30,830–63,031 pixels
per field). We built correlation coefficient matrices using Kendall’s tau coefficients. The Kendall’s
tau coefficient is a nonparametric measure of correlation for ordinal, continuous data assuming a
monotonic relationship [54]. Tau values range from −1 to 1, where −1 is a perfect negative relationship,
0 indicates no relationship, and 1 is a perfect positive relationship. Statistical significance was assessed
at an alpha level of 0.001 for all correlations in this study. We assumed that the relationship between ET
and ECa is monotonic in coarse soils, where ET limitation due to anoxic conditions is rare. Kendall’s tau
correlation matrices have 4–5 variables per field including ECa_sh , ECa_dp , and average ETR for each
crop grown between 2014–2016. We also examined the strength and direction of relationships between
ECa_sh , ECa_dp , and ETR for potato, sweet corn, and field corn across all six fields using Kendall’s tau
correlation coefficient matrices. There were not enough pea-pearl millet rotations to include in the
analyses across all fields.
We also used ordinal correlation analyses to identify the relationships between ECa and ET across
different crops and fields. Strong, significant correlations between ETR and ECa indicate greater
potential precision irrigation benefits because relatively coarser portions of the field have lower ET
rates due to water limitations not observed on relatively finer portions of the field. Precision irrigation
would reduce the correlation between ETR and ECa by increasing water applied to coarser portions of
the field. Thus, weak or nonexistent relationships between ETR and ECa indicate that either specific
crop rotations or fields would not benefit from increased spatial control of irrigation applications.
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3. Results
3.1. Validation of HRMET in Irrigated Potatoes, Sweet Corn, Peas, and Pearl Millet
Using aerial imagery, onsite meteorological data, and ground observations to drive HRMET was
an effective approach for developing high-resolution maps of ET. HRMET performed comparably
to the Shuttleworth–Wallace ET model (Figure 5). The slope of the linear relationship between the
Shuttleworth–Wallace and HRMET models was 1.032, the RMSE was 0.074 mm hr−1 , and the R2 value
was 0.814 across all points (n = 26). Comparing across only potato validation points (n = 10), the slope
of the linear relationship between the Shuttleworth–Wallace and HRMET models was 1.087, the RMSE
was 0.038 mm hr−1 , and the R2 value was 0.943. Comparing across only sweet corn validation points
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Figure 5. Comparison of HRMET and Shuttleworth–Wallace ET rates (mm hr−1 ) for irrigated sweet
Figure 5. Comparison of HRMET and Shuttleworth–Wallace ET rates (mm hr−1) for irrigated sweet
corn, potatoes, peas, and pearl millet cropping systems. The dashed lines represent a 1:1 fit ± 25% error.
corn, potatoes, peas, and pearl millet cropping systems. The dashed lines represent a 1:1 fit ± 25%
error.
HRMET performed well in both sparse and full canopy conditions. The validation included

sparse canopy conditions during the June flights for sweet corn, potato, and peas as well as the
HRMET performed well in both sparse and full canopy conditions. The validation included
August 2015 flight for pearl millet. Full canopy conditions were validated via the July flights for
sparse canopy conditions during the June flights for sweet corn, potato, and peas as well as the
sweet corn, potato, and peas. Sparse canopy conditions during senescence were also validated
August 2015 flight for pearl millet. Full canopy conditions were validated via the July flights for sweet
for potato during the August 2015 and 2016 flights. In this study, HRMET estimates of ET were
corn, potato,
and peas. Sparse canopy conditions during senescence were also validated for potato
0.1 mm hr−1 closer to Shuttleworth–Wallace estimates than they were in a rainfed field corn study in
during the August 2015 and 2016 flights. In this study, HRMET estimates of ET were 0.1 mm hr−1
southern Wisconsin during a droughty year [18]. We suggest that the improved agreement between
closer to Shuttleworth–Wallace estimates than they were in a rainfed field corn study in southern
HRMET and Shuttleworth–Wallace in the WCS is attributed to the removal of water limitations as the
Wisconsin during a droughty year [18]. We suggest that the improved agreement between HRMET
Shuttleworth–Wallace model is intended to estimate ET from well-watered canopies [51,55].
and Shuttleworth–Wallace in the WCS is attributed to the removal of water limitations as the
Shuttleworth–Wallace
model is intended
to estimate ET from well-watered canopies [51,55].
3.2. Uncertainty in Remotely-Sensed
ET Estimates
We observed
to no spatialET
variability
3.2. Uncertainty
in little
Remotely-Sensed
Estimatesin the standard deviation of ET per pixel, indicating that
the uncertainty of ET estimates is derived from the variability of meteorological data (Figures 6 and 7).
We observed
to noET
spatial
variability
deviation
of ET
pixel, indicating
The uncertainty
in little
per pixel
estimates
of 8 outinofthe
12 standard
missions was
low and
CVsper
averaged
across all
that
the
uncertainty
of
ET
estimates
is
derived
from
the
variability
of
meteorological
data6 (Figures
6
pixels and fields were 6–15%. The four airborne missions occurring on 11 August 2015,
June 2014,
and
7). The2016,
uncertainty
in per
pixel
estimates
of 8 outinofper
12 pixel
missions
was low with
and CVs
averaged
18 August
and 16 July
2014
hadET
higher
uncertainty
ET estimates
coefficients
of
across
all
pixels
and
fields
were
6–15%.
The
four
airborne
missions
occurring
on
11
August
2015,
6
variation (CVs) of 48, 46, 30, and 24% averaged across all pixels for all fields. These four dates also had
June 2014, 18 August 2016, and 16 July 2014 had higher uncertainty in per pixel ET estimates with
coefficients of variation (CVs) of 48, 46, 30, and 24% averaged across all pixels for all fields. These
four dates also had the highest standard deviations in solar radiation (117–227 W m−2) observed across
all 12 airborne missions (Table 2). Observationally, these were four missions where cloud conditions
were rapidly changing and it was challenging to capture thermal and multiband imagery around
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the highest standard deviations in solar radiation (117–227 W m−2 ) observed across all 12 airborne
missions (Table 2). Observationally, these were four missions where cloud conditions were rapidly
changing and it was challenging to capture thermal and multiband imagery around intermittent
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Table 4.
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Figure 8. Maps of relative evapotranspiration (ETR, unitless) for fields H, G, P, L, E, and W for 12
airborne missions in 2014–2016. Color bars represent linearly normalized mean ETR rates to the 5th
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Figure 9. Kendall’s tau correlation coefficient matrices for fields H, G, P, L, E, and W Correlations are
for the following parameters: shallow and deep apparent electrical conductivity (EC_sh and EC_dp,
Figure 9. Kendall’s tau correlation coefficient matrices for fields H, G, P, L, E, and W Correlations are
respectively) and relative evapotranspiration for each crop rotation (‘sweet corn’, ‘potato’, ‘pea’, and
for the following parameters: shallow and deep apparent electrical conductivity (EC_sh and EC_dp,
‘field
corn’).
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anfields
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level
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0.001
unless
they are crossed
Figure
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E, and
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respectively) and relative evapotranspiration for each crop rotation (‘sweet corn’, ‘potato’, ‘pea’, and
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‘field corn’). Correlations are all statistically significant at an alpha level of 0.001 unless they are
crossed out with ‘X’ symbols.
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Figure 10. Kendall’s tau correlation coefficient matrices for all six fields (H, G, P, L, E, and W) together.
Correlations are for the following parameters: shallow and deep apparent electrical conductivity
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Table 4. Recommended precision irrigation actions based on intrafield relative ET and EC
‘potato’, and ‘field corn’). Correlations are all statistically significant at an alpha level of 0.001.a.
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Table 5. Field ET estimates (mm hr−1 ).
Mission

Date (DOY)

H

G

P

L

E

W

1
2
3
4
5
6
7
8
9
10
11
12

06 June 14 (157)
16 July 14 (197)
23 July 14 (204)
07 August 14 (219)
16 June 15 (167)
02 July 15 (183)
27 July 15 (208)
11 August 15 (223)
17 June 16 (169)
01 July 16 (183)
01 August 16 (214)
18 August 16 (231)

0.36 (0.02)
0.76 (0.02)
0.67 (0.01)
0.50 (0.02)
na
0.73 (0.01)
0.73 (0.02)
na
0.55 (0.03)
0.73 (0.02)
0.74 (0.01)
na

0.35 (0.04)
0.73 (0.02)
0.66 (0.01)
0.66 (0.01)
na
0.55 (0.05)
0.78 (0.02)
0.52 (0.02)
0.36 (0.05)
0.53 (0.01)
0.73 (0.01)
0.59 (0.02)

0.18 (0.04)
0.78 (0.02)
0.65 (0.01)
0.75 (0.01)
0.59 (0.04)
0.47 (0.01)
0.78 (0.01)
0.45 (0.02)
0.54 (0.03)
0.74 (0.02)
0.68 (0.01)
0.31 (0.03)

0.35 (0.02)
0.77 (0.02)
0.65 (0.01)
0.74 (0.01)
0.48 (0.06)
0.12 (0.05)
0.79 (0.01)
na
0.50 (0.05)
0.71 (0.02)
0.70 (0.01)
0.22 (0.04)

0.34 (0.04)
0.68 (0.02)
0.63 (0.01)
0.74 (0.01)
0.79 (0.01)
0.71 (0.03)
0.75 (0.02)
0.44 (0.03)
0.69 (0.02)
0.71 (0.04)
0.73 (0.01)
0.61 (0.03)

0.31 (0.04)
na
0.64 (0.01)
0.74 (0.01)
0.72 (0.02)
0.75 (0.01)
na
0.37 (0.02)
0.45 (0.04)
0.74 (0.02)
0.70 (0.02)
0.37 (0.05)

4. Discussion
4.1. Potential Precision Irrigation Benefits Depend on Crop Rotation
Our findings suggest that precision irrigation benefits will be crop-specific, even on the same
agricultural field. For example, variable rate irrigation guided by ECa mapping may lead to greater
water conservation and productivity outcomes in potato and sweet corn rotations than field corn. In this
study, potato and sweet corn rotations had stronger relationships between ETR and ECa than field corn
on all six fields. Field corn may not be as responsive to precision irrigation as other crops because it has
a deeper rooting profile than sweet corn and potatoes [56] and has also been genetically engineered
over the past 50 years to have increased drought tolerance and improved water-use efficiency [57].
This idea of crop-specific precision irrigation applies where shallow-rooted, high water-demand crops
are rotated with deep-rooted, water-efficient crops that may not be worth the time, cost, and effort
required for precision irrigation interventions.
4.2. Potential Precision Irrigation Benefits Depend on Intrafield Soil Variability
Precision irrigation benefits will also depend on whether differences in plant available water
content are significant enough to impact crop water use within a field. For example, ETR and ECa had
strong relationships in pea-pearl millet rotations on field W, but were almost unrelated on field H,
which has low variability in soil hydraulic properties [9]. A strong relationship between ETR and ECa
indicates that the intrafield variability in plant available water content is significant enough to impact
crop water use when irrigation is distributed uniformly over a field. Because the relationships between
ETR and ECa were the strongest on fields E and G, we suggest that these fields have the most significant
intrafield plant water content variability and would benefit the most from precision irrigation if the
crop type was constant. These fields also have the strongest variability in soil texture, field capacity,
and organic matter content [9]. Conversely, because field H had the weakest relationships between ETR
and ECa , we argue that it offers a limited return on investment in precision irrigation interventions,
regardless of the specific crop rotation. The coarse-textured, relatively homogenous soils in this study
show minimal spatial variability in plant available water content which impacts impact crop water use
within a field. We speculate that observing the relationships between ETR and ECa could be an even
more powerful approach for informing irrigation management on fields with greater soil heterogeneity
and more fine-grained soils than those in the Wisconsin Central Sands.
4.3. Potential Precision Irrigation Benefits Depend on Existing Irrigation Practices
Precision irrigation benefits will depend on existing conventional irrigation practices that amplify
or diminish the spatial variability of crop water limitation. Irrigation practices already in place may
diminish the observed variability in ET on a given field, which could potentially conceal or misinform
the identification of precision irrigation benefits. For example, field L had a stronger relationship
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between ECa and ETR for potatoes and sweet corn than field P. Both fields L and P have strong
relationships between ECa and soil hydraulic properties [9], are separated by only ~100 m, and were
planted with sweet corn in 2015 and potatoes in 2016. However, field P received 28 and 78 mm yr−1
more irrigation than field L in 2015 and 2016, respectively. We suggest that the increased irrigation
on field P may have irrigated the relatively finer-textured portions of the field at higher rates than
necessary and washed out intrafield differences in ET. Alternatively, decreased irrigation on field L
may have under-irrigated the relatively coarser-textured portions of the field and amplified intrafield
differences in ET. Both fields may be candidates for precision irrigation based on their soil heterogeneity,
however specific interventions would differ based on current irrigation practices.
4.4. Future Applications of HRMET
A long-term goal of regional water managers is to have high-resolution estimates of ET available for
irrigators to use in real-time irrigation management. Analyses are underway to implement an integrated
data fusion approach and create high-resolution (30-m) daily maps of ET in the WCS by fusing Landsat,
MODIS, and GOES satellite imagery data [58,59]. However, acquiring frequent cloud-free satellite
imagery of cropping systems is a significant and ongoing challenge in the midwestern United States [60].
Thus, satellite-derived ET estimates are gap-filled during cloudy periods using the “self-preservation”
ratio of actual to reference ET (i.e., crop coefficients) [17,61]. High-resolution estimates of ET using
HRMET could be especially useful for validating satellite-based daily ET estimates. Because it is
possible to capture thermal images by avoiding clouds with the aid of a deft pilot, we were able
to estimate ET on cloudy days that would present gaps in satellite data. Using the HRMET model
in conjunction with thermal and multiband imagery collected via remotely piloted aircrafts could
further provide even more flexibility around cloud cover in regions like the Midwest United States.
Additionally, the Monte Carlo approach we used facilitates an improved understanding of which
meteorological drivers contribute to the uncertainty of ET estimates on a given day. Recent studies are
attempting to separate high-resolution satellite fusion estimates of daily ET from different crops in close
proximity to one another [58]. These research efforts could be even more informative to water managers
by incorporating meteorological uncertainty into ET estimates from different crops in close proximity.
HRMET provides a valuable tool to understand whether the uncertainty of ET estimates is greater
than the differences in ET between different crops in close proximity. For example, in this study, the
uncertainty of instantaneous ET estimates within a crop type was always greater than the differences
in ET between crop types. Thus, though it is possible to separate the ET estimates by crop type, the
magnitude of the differences between crops may not always be significant. Understanding these
uncertainties by crop type and land cover will help planners and policymakers manage stakeholder
expectations from precision irrigation and other conservation interventions that rely on satellite data
for decision support.
5. Conclusions
Precision irrigation is gaining traction as a water conservation strategy that could maximize crop
production and water-use efficiency while minimizing environmental impacts. Maps of ECa , especially
when paired with soil sampling or soil moisture monitoring, can help irrigators identify intrafield
heterogeneity in plant available water content. Pairing ECa with maps of crop ET and the ETR index
can further support irrigators in assessing the potential return on investment in precision irrigation
technology for different fields and crops. We found that shallow-rooted crops like potatoes and sweet
corn are more likely to benefit from precision interventions than deep-rooted crops bred for drought
resistance (e.g., field corn). We also validated the HRMET model in potatoes, sweet corn, peas, and pearl
millet, and demonstrated its usefulness for assessing crop water use and uncertainty in sandy, irrigated
agroecosystems at the spatiotemporal scale necessary for validating future satellite-based efforts.
Combining high-resolution ECa and ET mapping could critically inform precision irrigation in
rotational agroecosystems. Maps of crop ET and the ETR index can help irrigators assess the sensitivity
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of different crops to drought, develop irrigation management zones, and maximize the return on
investment in precision irrigation technology. In this study, we demonstrated that relationships between
dynamic crop water use (ETR ) and plant available water content (ECa ) are driven by (1) crop type,
where shallow-rooted crops exhibit greater intrafield variability in water use; (2) intrafield soil physical
variability, which needs to be significant enough to impact ET; and (3) existing irrigation management,
which can amplify or diminish water limitations. Further studies are needed to assess long-term
water savings, water use efficiency, and the yield potential of precision irrigation interventions in
rotational agroecosystems.
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Appendix A
Table A1. LAI-EVI and height-EVI fits.
Crop Type

Phenological
Variable

n

Field corn

LAI (m2 m−2 )

122

axb

h (m)

96

LAI (m2 m−2 )

Sweet corn

Potato

Peas

Pearl Millet

Prediction
Model

Coefficients (Confidence Intervals)

RMSE

R2

a
3.986
(3.581, 4.391)

b
1.308
(0.935, 1.681)

c
-

1.127

0.464

axb + c

2.486
(1.951, 3.022)

1.471
(0.555, 2.387)

0.115
(−0.526, 0.755)

0.498

0.632

124

axb

4.848
(4.496, 5.199)

1.323
(1.115, 1.531)

-

0.783

0.788

h (m)

123

ax + b

2.369
(2.130, 2.609)

−0.1758
(−0.321, −0.031)

-

0.391

0.762

LAI (m2 m−2 )

209

axb

4.675
(4.379, 4.971)

0.6257
(0.504, 0.748)

-

1.140

0.431

h (m)

213

abx

0.252
(0.2294 0.275)

0.7435
(0.620, 0.867)

-

0.090

0.412

LAI (m2 m−2 )

29

ax + b

5.386
(5.036, 5.737)

−0.1658
(−0.412, 0.080)

-

0.327

0.974

h (m)

29

ax + b

0.593
(0.561, 0.625)

1.266
(1.048, 1.483)

-

0.053

0.952

LAI (m2 m−2 )

13

axb

1.739
(0.526, 2.952)

0.393
(−0.148, 0.934)

-

0.401

0.393

h (m)

12

axb + c

3.633
(−11.680, 18.940)

4.743
(−0.969, 10.460)

0.111 (0.077, 0.145)

0.028

0.516
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