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a b s t r a c t
Evapotranspiration (ET) rates provide a valuable within-season indicator of plant productivity, as well as
data on ﬂuxes of water in a landscape. Applying remote sensing for ET estimation has potential to improve
the sustainable management of water resources in agricultural settings. Most current ET models, however,
rely on ‘dry’ and ‘wet’ pixels within a given scene to partition turbulent ﬂuxes between latent and sensible
heat, thus limiting their ability to map ET throughout the growing season at extremely high (meter scale)
spatial resolutions. Here, we develop a ﬁeld-validated surface energy balance model, High Resolution
Mapping of EvapoTranspiration (HRMET), which requires only basic meteorological data, spatial surface
temperature and canopy structure data. We use HRMET to estimate ET rates over two commercial cornﬁelds in south-central Wisconsin during the 2012 growing season, which was characterized by severe
drought. HRMET results indicate that the magnitude of within-ﬁeld variability in ET rates was primarily
driven by water availability. The application of remotely sensed data to precision agriculture has also
been hampered by turnaround time between image acquisition and availability. We introduce relative
ET (ETR ), which enables comparison of ET rates between image dates by normalizing for variability caused
by weather and crop stage. ETR also provides an intuitive, index-like metric for evaluating spatial variability in ET on a subﬁeld scale. ETR maps illuminate persistent patterns in ET across measurement dates
that may be driven by soil water availability and topography. ETR is used to develop a novel paired-image
technique that can map subﬁeld sensitivity classes to stressors such as drought. Sensitivity class mapping
can be used to circumvent issues related to turnaround time to facilitate the incorporation of remotely
sensed data into precision agriculture.
Published by Elsevier B.V.

1. Introduction
Spatially distributed estimates of evapotranspiration (ET) are
a critical agricultural resource (Gowda et al., 2007). Farmers,
agronomists, and water resource managers need accurate data
about plant water use to evaluate irrigation requirements, respond
to drought or precipitation events, and forecast year-end yields
(Hiler et al., 1974; Idso et al., 1977; Kanwar et al., 1984; Akhtar
et al., 2013; Kresovic et al., 2013). ET estimates can also enhance
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ecosystem and agroecosystem models by providing estimates of
mass and energy ﬂuxes over the landscape (Kucharik and Brye,
2003; Kucharik and Twine, 2007; Soylu et al., 2014).
Spatially distributed estimates of ET are particularly useful for
applications in precision agriculture, for which high spatial resolution is a necessity. The fundamental theory behind precision
agriculture is that the optimum inputs vary spatially on the subﬁeld
scale, depending on factors such as soil texture, soil organic matter, water availability, topography, and more (Wibawa et al., 1993;
Kravchenko and Bullock, 2000; Schmidt et al., 2002; Kravchenko
et al., 2003; Schepers et al., 2004). Many techniques have been
used to estimate spatially distributed ET rates from both agricultural and natural settings using remotely sensed data. Glenn et al.
(2007), Gowda et al. (2007) and Maes and Steppe (2012) provide
reviews of the techniques available. One class of ET models are
surface energy balance models, which attempt to estimate the partitioning of available energy (A) at the land surface to determine the
relative magnitudes of the sensible heat ﬂux (H) and latent heat ﬂux
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(ET), which is directly related to the ET rate. The general surface
energy balance equation is as follows:
R − G = A = H + ET

(1)

where R is equal to net incoming radiation, G is the heat ﬂux into
the subsurface, and all units are in [W m−2 ].
Surface energy balance models relying on remotely sensed data
typically require surface reﬂectance data in one or more wavelengths and surface temperature data, all of which are available
on common sensor platforms. Commonly used models include
SEBAL (Bastiaanssen et al., 1998), METRIC (Allen et al., 2007), and
SEBI (Menenti and Choudhury, 1993; Roerink et al., 2000). These
models rely on the presence of a ‘dry’ (also referred to as ‘hot’)
and ‘wet’ (‘cool’) pixel within the image to deﬁne the extremes
of surface temperature, where all available energy is apportioned
to sensible heat or latent heat ﬂuxes, respectively. Other energy
balance models, such as ALARM (Suleiman & Crago, 2004), have
been shown to work in the absence of dry and wet pixels, but
assume a closed canopy to simplify canopy transport physics. Previous energy balance models have been applied effectively over
large areas (Elhaddad et al., 2010; Bastiaanssen et al., 2012) and
small spatial scales with diverse land surface cover (Loheide and
Gorelick, 2005).
However, these widely used energy balance techniques are typically applied at regional scales using moderate spatial resolution
(30–1000 m) satellite data, and are structurally incompatible with
high-resolution remote sensing of crops. Though ﬁeld-scale management based on ET estimates have been practiced with some
success (Folhes et al., 2009; Ko and Piccinni, 2009; M. C. Anderson
et al., 2012a; R. G. Anderson et al., 2012b), subﬁeld-scale precision management based on remotely sensed ET estimates has not
yet been attempted. Many agricultural landscapes are fairly homogeneous, making it difﬁcult or impossible to identify dry and wet
pixels within the same image–for high resolution image collection
required for precision agricultural management, image extent can
be limited to ≤1 km2 . For most agricultural settings, completely
closed canopies are rarely available during the early growing season, and dry or fallow open canopies are rarely available late in
the growing season, limiting these models’ application to transient
dynamics in ET. Furthermore, while satellite-based estimates of ET
are useful for landscape scale studies, even the highest-resolution
multispectral and thermal satellites are insufﬁciently detailed for
most subﬁeld scale applications.
To address these issues unique to ET estimation at small spatial
scales with homogeneous canopies, we developed a mixed-input
surface energy balance model for the High Resolution Mapping
of EvapoTranspiration (HRMET). HRMET employs high-resolution
(∼1–2.5 m) surface temperature data collected at a subﬁeld scale in
conjunction with 30 m resolution Landsat imagery and local meteorological data to estimate the surface energy balance. HRMET uses
a combination of physical and empirical relationships to calculate
A, and an iterative approach to calculate H which does not require
wet and dry pixels. ET is estimated as the residual and converted
to an instantaneous ET rate. A full model description is found in
Section 3.
While spatially distributed estimates of ET are an essential tool
for hydrologists and water resource managers (M. C. Anderson et al.,
2012a), a major limitation of applying ET mapping to agricultural
management at all scales is the difﬁculty in making comparisons
between image collection dates. A “good” ET rate can vary widely
between dates due both to stress-related changes (e.g. stomatal closure caused by drought) and changes out of a farmer’s control (e.g.
crop growth stage, weather conditions). This makes management
based on ET data from different measurement dates challenging
and non-intuitive.

Fig. 1. Northern and southern ﬁelds overlain onto DEM of study site. Red shapes
correspond to ﬁeld measurement sites of LAI and canopy height.

For this reason, most remotely sensed analyses of crop drought
response use stress indices such as the crop water stress index
(CWSI; Jackson et al., 1981), water deﬁcit index (Moran et al., 1994),
perpendicular drought index (Shahabfar and Eitzinger, 2011), or
the integrated surface drought index (Wu et al., 2013). The primary advantage of these indices is a low data requirement and
intuitive interpretation; the CWSI, for example, ranges from 0 to 1.
To bridge this gap between the utility of physically-based ET estimates valued by hydrologists and intuitive stress indices valued by
land managers, we introduce relative ET (ETR ). ETR is a novel way
to interpret HRMET’s spatially distributed ET estimates and allows
us to easily compare measurement dates in the manner of a crop
stress index. We compare corn response to a severe drought during the 2012 growing season, using a study site in south-central
Wisconsin as an exemplar. ETR allows us to identify persistent
patterns of ET on a subﬁeld scale, which could be used to target
areas of the ﬁeld for precision management such as variable rate
water application during drought (King and Kincaid, 2004). We also
demonstrate how deviations from these patterns can be used to
identify drought-sensitive and moisture-sensitive areas on a subﬁeld scale. Identiﬁcation of these stress-sensitive areas can guide
precision management decisions, even in the absence of real-time
remotely sensed data.
2. Study site
Our study site is two adjacent commerically-managed corn
ﬁelds in south-central Wisconsin. Fig. 1 shows the study site, separated into a northern ﬁeld (12 ha) and a southern ﬁeld (9 ha), with
six transect points noted. Soil classes throughout the study site are
predominantly silt loams and silty clay loams, with 3–6% organic
matter by mass in the top 0.1 m. Topsoils extend to a depth of
≥0.5 m at all transect points. There is approximately 7 m of topographic relief across the site, with steeper terrain in the southern
ﬁeld and gradual slopes in the northern ﬁeld. Figure 1 shows three
elongate hills, extending from the southern edge of the ﬁeld to
the north-northwest; these are small glacial moraines, and have
a coarser soil texture (loam to silt loam) and lower organic content
(1–3%) than surrounding soils (Clayton and Attig, 1997).
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Fig. 2. Cumulative precipitation over the 2012 growing season with imagery collection dates overlaid. Red lines correspond to surface temperature measurements and blue
correspond to cloud-free Landsat scenes. Black arrows show planting date of the northern (4/26/2012) and southern ﬁelds (5/10/2012).

Management is consistent between the two ﬁelds, with the
exception of planting date (Fig. 2) and harvesting; in 2012, the
northern ﬁeld was planted on April 26 [Day Of Year (DOY) 117]
and harvested for silage on September 5 (DOY 249), and the southern ﬁeld was planted on May 10 (DOY 131) and harvested for grain
on October 25 (DOY 299). Both ﬁelds were planted at a density
of 13,760 plants/ha. The ﬁelds have been in a corn/hay rotation
since the 1970s, with predominantly corn planted in the preceding two decades, including the 2010 and 2011 growing seasons.
Both ﬁelds also received the same nutrient input. Prior to planting,
manure equivalent to 108 kg N/ha and 81 kg P/ha was spread over
both ﬁelds on March 16 (DOY 76). 37 kg/ha of 28% N fertilizer was
applied during planting and an additional 64 kg/ha in early June.
3. Model structure
HRMET is a mechanistic model intended to estimate the relative magnitude of the constituents of the energy balance at the
land surface. It relies on three primary inputs: basic meteorological data, remotely sensed land surface temperature, and a remotely
sensed model of canopy characteristics (Fig. 3). Here, we present
the physical and empirical relationships underlying HRMET.
3.1. HRMET theory
HRMET is a pixel-based model that uses a combination of physical principles and established empirical relationships to calculate
ET as the residual of the land surface energy balance (Eq. (1)). Pixel
size is determined using the spatial resolution of surface temperature data. We assume there is no lateral communication between
pixels. At each pixel, available energy is calculated using equations
that account for spatially variable canopy radiation interception
characteristics (see Section 3.3). H is calculated using the gradient
between the surface temperature (T; ◦ C) and the air temperature
some distance above the canopy (Tair ; ◦ C):
H=

a cp (T − Tair )
rHa + rex

(2)

where a and cp are the molar density [mol m−3 ] and speciﬁc
heat [J mol−1 C−1 ]of air, respectively, and the denominator includes
the aerodynamic resistance to heat transport (rHa ; s m−1 ) and the
excess resistance to heat transport (rex ; s m−1 ). A detailed approach
to solving Eq. (2) is presented in Section 3.4. Using rex allows us to
ignore the difference between the aerodynamic and surface temperatures (Norman and Becker, 1995). H and rHa are co-dependent,
as the magnitude of H inﬂuences atmospheric stability and thus
the resistance to heat transport; therefore, HRMET uses an iterative approach following Bastiaanssen et al. (1998) to converge on a
ﬁnal solution for H and ET.
We use HRMET with a novel permutation-based approach for
calculating the land surface energy balance which allows us to

incorporate the uncertainty inherent in the input variables into
ﬁnal results, based on Serbin et al. (2014). HRMET is solved 100
times at each point. For each permutation, inputs are varied by
selecting randomly from a standard normal distribution based on
an input mean and standard deviation for each variable (for the
uncertainty estimation of each input variable, see Section 3.2). This
produces 100 ET estimates at each point using unique input parameters. These are then used to calculate a ﬁnal mean and standard
deviation of estimated ET for each pixel.
3.2. Required inputs
HRMET requires 15 unique inputs, divisible into four categories
(Fig. 3).
3.2.1. Inputs- descriptors
Site-speciﬁc information includes date & time of the imagery
collection and the longitude and latitude of the study site in decimal
degrees. These inputs are assumed to have no uncertainty.
3.2.2. Inputs- meteorology
Required meteorological inputs are air temperature (Tair ; ◦ C),
incoming shortwave radiation (SWin ; W m−2 ), wind speed (u;
m s−1 ), air vapor pressure (ea ; kPa), and atmospheric pressure
(pa ; k Pa). Meteorological inputs were collected at the University of Wisconsin-Madison Arlington Agricultural Research Station
(43.31◦ N, -89.38◦ W), which is ∼2.75 km NE of the study site and
collects data every half-hour.
Uncertainty in meteorological inputs was estimated using data
collected between one hour before and one hour after image collection. For inputs with a strong time-dependence (Tair , SWin ), we
applied a linear regression to the timeseries and estimated uncertainty as the standard deviation of the residuals from this trend.
For inputs with a weak or absent time-dependence (u, ea , pa ),
uncertainty was estimated as the standard deviation of the measurements over the entire interval. Potential spatial variability in
meteorological inputs over the limited spatial extent of the site was
not incorporated into estimates of uncertainty.
3.2.3. Inputs- surface characteristics
To calculate the land surface radiation balance, both emissivity
(ε) and albedo () are required. We estimated values of ε and  separately for the soil and corn surface based on a literature review.
Albedos for corn and soil were estimated as 0.2 and 0.105, respectively, with a standard deviation of 0.05. The range of typical ε of
natural materials is much smaller than that of . We used 0.94
and 0.945 for the emissivity of corn and soil, respectively, with a
standard deviation of 0.01 (Campbell and Norman, 2000; Jury and
Horton, 2004).
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Fig. 3. Conceptual diagram of the required model inputs for the energy balance model and interactions between necessary inputs. Each component of the energy balance
requires the same inputs (see Section 3.2 of text), and the model solves for ET.

3.2.4. Inputs- spatially variable
HRMET requires three spatially variable inputs: surface temperature (T), leaf area index (LAI), and canopy height (h). These were
estimated using remotely sensed data.
3.2.4.1. Surface temperature. Surface temperature data were collected using a Cessna-mounted FLIR A320 thermal infrared imaging
camera (FLIR Systems, Wilsonville, OR, USA) on 4 dates during
the 2012 growing season (Fig. 2): May 25 (DOY 145; hereafter
referred to as May image), June 22 (DOY 173; June or drought
image), July 30 (DOY 211; July or wet image), and August 29 (DOY
241; August image). Flights were all taken in late morning, within
45 min of approximate local Landsat overpass time (11:30 AM CST).
Imagery was collected from a height of 900 m above ground surface for the May 25 image, and 1200 m for the other measurement
dates, for a pixel size of ∼1–2.5 m. Images were atmospherically
corrected using ThermaCAM Researcher Pro 2.7 software (FLIR
Systems, 2003) and georeferenced to NAIP imagery (National Agricultural Imaging Program, 2010), then mosaicked in ArcMap 10
(ESRI, 2011). Uncertainty in T at each pixel was estimated as the
standard deviation of T within a 25-pixel moving window.
3.2.4.2. Canopy characteristics. Vegetation Indices (VIs) from
remotely sensed data, such as the normalized difference vegetation
index (NDVI), have been used to estimate LAI in many studies (Chen
and Cihlar, 1996; Bastiaanssen et al., 1998; Glenn et al., 2007; Zheng
and Moskal, 2009). Here, we locally regressed NDVI to estimate LAI
and h. Field measurements of LAI and h were collected at 6 transect points within the study site every 5-11 days throughout the
2012 growing season (Fig. 1). LAI measurements were taken using
an LAI-2200 Plant Canopy Analyzer (Welles and Norman, 1991; LICOR, Lincoln NE, USA). Sites were selected to be along a range of soil
and moisture conditions, and include points in both the northern
and southern ﬁelds.
Cloud-free Landsat 7 ETM+ data were retrieved for 5 dates
during the 2012 growing season (Figure 2) and atmospherically
corrected using the LEDAPS algorithm (Masek et al., 2006). Landsat
surface reﬂectance data was then used to calculate NDVI as
NDVI =

NIR − RED
NIR + RED

(3)

where NIR and RED are the reﬂectance in the near-infrared
(0.77–0.9 m) and red (0.63–0.69 m) wavelengths. Landsat NDVI
values were regressed to LAI and h ﬁeld measurements using a
power model (Fig. 4). Where measurement and imagery dates did
not coincide, LAI and h measurements were linearly interpolated
between dates. Both regressions yielded strong ﬁts (R2 > 0.9) and
showed some saturation at full canopy cover.
We used a permutation-based approach to estimate uncertainty
in our regression results for both LAI and h. For each of 100 permutations, 5 random data points were eliminated and a power model
regression was ﬁt to the remaining points. The eliminated points
were then used to determine the ﬁt of each model. Average root
mean squared error (RMSE) was RMSE = 0.91 m2 m−2 for LAI and
RMSE = 0.44 m for h. These 100 separate power models were then
used to calculate LAI and h from Landsat input data and generate
a mean and standard deviation of both canopy characteristics for
each pixel.
3.3. Calculation of available energy
R is calculated as the sum of incoming and outgoing (subscript in
and out, respectively) longwave and shortwave radiation (LW and
SW, respectively) where a positive ﬂux means towards the land
surface:
R = SWin − SWout + LWin − LWout

(4)

All terms have units of [W m−2 ].
SWin is measured at a weather station ∼2.75 km from the study
site, as described in Section 3.2.2. Available energy is calculated
using a two-source model, with the soil and canopy surface treated
separately (Norman et al., 1995; Chavez et al., 2009). SWin is partitioned between the soil and canopy surface using the radiation
extinction model presented in (Norman et al., 1995), which converts LAI to fractional cover and estimates total radiation passing
through the canopy. SWout is then calculated separately for the soil
and corn canopy surface as SWin , where  [-] is the albedo for each
surface.
LWin and LWout are calculated for the land surface and atmosphere using the Stefan-Boltzmann Law for a graybody:
LW = εT 4

(5)
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3. Calculate diabatic correction factor for momentum and heat ﬂux
( M ,  H ) based on , where (Campbell and Norman, 2000):
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4. Calculate friction velocity (u*; m s−1 ; Norman and Becker, 1995)

M = 6 log (1 + ) ; H + M when  < 0.
M = −2 log (1 + (1 − 16))

u∗ =
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(9)

where zT is the height of air temperature measurements [m]
and k is von Karman’s constant [-].
6. Calculate rex (Norman and Becker, 1995):

y = 3.6061x3.3713
R² = 0.9203

3

(6)

uk

log



0.2

0.5

where zu is the height of wind speed measurements.
5. Calculate rHa (Campbell and Norman, 2000):

0
0

95

log

 z0M 
z0H

a ku∗

(10)

7. Calculate new value of H using Eq. (2).
8. Calculate a new value of  (Campbell and Norman, 2000):

2

=
1

−9.8kzu H
a cp Tair,K (u∗ )3

(11)

where Tair,K is Tair in ◦ K.
9. Repeat steps 3–8 until the convergence criteria (≤0.1% change
between iterations) is met. At our study site, this typically takes
∼10–20 iterations.

0
0
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1

NDVI
Fig. 4. Regressions of NDVI to (a) LAI and (b) canopy height data from the 2012
growing season (n = 29). Any estimates outside the range of observed values (0
m ≤ h ≤ 3 m, 0 ≤ LAI ≤ 5) were set to the appropriate limit to avoid overextrapolation.
Points are color-coded by date and shape-coded by site, as in Fig. 1.

where ε is the emissivity of the surface [-],  is the StefannBoltzmann constant [W m−2 K−4 ], and T is the temperature of the
surface [K]. LWin is calculated using the surface properties of the
atmosphere, with a cloudiness-dependent ε calculated based on
the difference between observed SWin and expected clear-sky irradiance, following Crawford and Duchon (1999). LWout is calculated
using the surface properties of the land surface. G is then calculated as 35% of the energy reaching the ground using the canopy
radiation extinction model described above (Norman et al., 1995).

3.4. Iterative calculation of the sensible heat ﬂux
HRMET uses an iterative procedure to converge on the sensible
heat ﬂux for each pixel using the following steps:
1. Calculate zero-plane displacement height (d; m), roughness
length for momentum transfer (z0M ; m), roughness length for
heat transfer (z0H ; m) as a function of LAI and h, following
Raupach (1994).
2. Set arbitrary initial values for H and boundary layer stability
factor () where  and H are positive.  > 0 indicates unstable
boundary layer conditions where buoyant air is rising from the
surface.

Steps 2–9 were then repeated using negative starting values for
 and H, indicating stable boundary layer conditions. HRMET was
considered to have converged on a global solution to H if values
from both positive and negative sets of initial conditions are within
0.1% of each other; convergence was achieved at all points in our
simulations. This converged H is then used in Eq. (1) to solve for
ET.
3.5. Model validation
HRMET was validated by comparison with the ShuttleworthWallace (SHW) model (Shuttleworth and Wallace, 1985; Brisson
et al., 1998; Zhou et al., 2006). In structure and theory, SHW is
very similar to the Penman-Monteith Equation (Monteith, 1965;
Allen et al., 1998). SHW was selected for our application because it
takes into account evaporation directly from the soil surface during sparse canopy conditions, which includes our May 25 imagery
collected shortly after planting.
In addition to the A term calculated for HRMET, SHW requires
soil surface resistance and canopy surface resistance terms as
inputs. We collected 5 stomatal resistance measurements using
a Decagon SC-1 Leaf Diffusion Porometer and 5 soil moisture
measurements using a Delta-T ML2x Thetaprobe at each of the
6 transect sites (Fig. 1) on either the day before or the day after
the image collection at a similar time of day. Meteorological input
variables were analyzed to ensure that conditions were similar
between image collection and ﬁeld measurements.
Estimating soil surface resistance for the bare-soil evaporation
term of SHW is done using empirical relationships ﬁt to soil moisture data (Camillo and Gurney, 1986; Kondo et al., 1990; Farahani
and Bausch, 1995). We follow the approach of Camillo and Gurney
(1986) assuming a spatially uniform saturated soil water content
of 0.45 m3 m−3 . To determine canopy surface resistance, we ﬁrst
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Fig. 5. Comparison of HRMET and Shuttleworth-Wallace estimated ET rate for each
all modeled dates. Dashed lines show a 1:1 ﬁt and 25% error in either direction. Error
bars represent 1 standard deviation for each model.

calculate the total sunlit LAI using a sunlight extinction model presented in Campbell and Norman (2000) which considers the solar
zenith angle, total LAI, and canopy leaf angle distribution. Bulk
canopy resistance was then calculated assuming a big-leaf model
for only sunlit LAI.
4. Results and discussion
4.1. Model validation
HRMET compared favorably with the SHW validation (Fig. 5).
The RMSE of all points was 0.17 mm h−1 and all points except
two had a percent squared error of ≤12%. Signiﬁcant leaf-to-leaf
variability was observed in stomatal conductance measurements, contributing to a large range of SHW values during the
permutation-based analysis. HRMET accurately estimates ET rates
during sparse canopy conditions (May image RMSE = 0.08 mm h−1 )
without any further calibration, indicating that the parameterization of the bare soil resistance was reasonable (Camillo and Gurney,
1986; Chavez et al., 2009).
The largest differences between HRMET and SHW occcur during
the June drought image, particularly at sites W-6 and W-7, where
HRMET estimates are signiﬁcantly higher than SHW’s. These two
sites have the coarsest soil texture and the highest elevation, and
thus are sites where we expect the impacts of water stress to appear
ﬁrst (Delin et al., 2000; Kravchenko and Bullock, 2000; Huang et al.,
2008). In the ﬁeld, these sites exhibited reductions in LAI and significant visible wilting, indicating that the sunlit big leaf model used
in the SHW technique may be an overestimation of the transpiring
LAI during stressed periods.
4.2. Sensitivity analysis
Using HRMET with the permutation-based technique described
above takes into account estimated uncertainties for all variables
simultaneously to generate estimates of both ET and uncertainty
for each pixel. Fig. 6 shows the mean ET rate and Fig. 7 shows
uncertainty (expressed as a standard deviation of ET estimates) on a
pixel-by-pixel basis from 100 permutations. Uncertainty expressed
as a percentage of mean ET is ∼30-50% of total ET in the May image
(when ET rates are relatively low) and 5–15% of mean ET in the other
three images, with the highest spatial variability in uncertainty
observed in the June image.
Typically, higher uncertainty is shown in the areas around
regions of very low ET (e.g. W-6 in Fig. 7b). This is primarily because
of ‘hot spots’ in the T data; where canopy temperatures are very
high, ET rates are very low because of the strong sensible heat ﬂux

from the land surface to the atmosphere. Pixels around the edges
of these hot spots exhibit a large uncertainty in ET rates because
of the spatial variability of T within HRMET’s moving window. This
phenomenon is also what drives the largest amount of spatial variability during the June image, which is captured during the drought
and has the largest range of measured surface temperature data
(Gonzalez-Dugo et al., 2006).
Fig. 7 shows the aggregate uncertainty of all variables simultaneously; however, HRMET’s sensitivity was also tested to each
input variable individually. The largest observed sensitivity was
to surface temperature estimates. The observed uncertainty in ET
rates due to changes in T estimates was 10−2 mm h−1 for most pixels, but areas around the hot spots had higher uncertainties in ET, up
to 10−1 mm h−1 . The uncertainty in estimated ET rates as a result of
meteorological input data ranged from 10−2 –10−4 mm h−1 , indicating that the assumption of spatially uniform meteorological
conditions on a site scale is acceptable (Loheide and Gorelick, 2005).
Sensitivity to meteorological data was greatest in May, when the
canopy was very sparse and bare-soil evaporation played a larger
role.
Uncertainty in ET due to LAI and h estimates was ∼10−3 mm h−1
across all image dates, and sensitivity was inversely correlated with
both LAI and h. This indicates that LAI and h estimation errors at
full canopy cover due to saturation of NDVI (e.g. M. C. Anderson
et al., 2004) is not a signiﬁcant source of uncertainty for HRMET.
There were some apparent edge effects due to the coarser spatial
resolution of the Landsat data (e.g. Fig. 6a). These were especially
apparent when the canopy was sparse, likely due to overestimation of canopy height due to within-pixel mixing with vegetation
around the ﬁeld edge.
4.3. Magnitude of ET variability
The magnitude of spatial variability in ET rates over the ﬁeld
differs noticeably between dates (Fig. 6). The May image shows
strong edge effects, likely due to within-pixel mixing of edge vegetation with the nearly bare soil within ﬁeld boundaries. Due to the
very sparse canopy in the May image (LAI values < 0.5 across both
ﬁelds), we will exclude the May image from further analysis of ET
dynamics.
When all images are plotted on an identical color scale covering
the minimum and maximum observed ET rates across all measurement dates, differences in the magnitude of transpiration rate
variability over the entire ﬁeld appears to correspond to ﬁeld scale
water availability on the image date (Gonzalez-Dugo et al., 2006;
Berni et al., 2009; Alchanatis et al., 2010). In the June image, where
there was only 6.4 mm of recorded precipitation rain in the preceding two weeks, ET rates vary from ∼0 to 0.7 mm h−1 (Fig. 6b). The
range of ET estimates is much smaller during the July and August
images (Figure 6c-d), where there was signiﬁcantly more rainfall
(101.1 mm and 47.0 mm, respectively) in the weeks prior to image
collection and the majority of the canopy is transpiring at a nearmaximum rate of ∼0.7–0.8 mm h−1 . Slight decreases in ET rates are
still visible along the small moraines extending from the south edge
of the ﬁeld, but even these are very close in magnitude to the rest
of the ﬁeld.
Table 1 shows two proxies for water availability (precipitation
in the preceding two weeks and mean soil moisture values) on
the subﬁeld scale across both measurement dates, for all sites.
The variability between dates indicates that the magnitude of ET
variability is governed by transient stressors, such as soil water
availability (Raghuwanshi and Wallender, 1997). This supports previous research demonstrating larger within-ﬁeld yield variability
during dry years (Lark et al., 1998). Previous studies have suggested that remote sensing may be a valuable tool for irrigation
scheduling (Hunsaker et al., 2005; Er-Raki et al., 2007) or drainage
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Fig. 6. HRMET-calculated mean ET rates for (a) May 25, (b) June 22, (c) July 30, and (d) August 29 in mm h−1 . All images are stretched linearly to the same range. ET rates are
calculated as the mean of 100 permutations randomly selecting from within a predeﬁned range of variability for each input (see Section 3 of text for full description). Note
that the dominant patterns of spatial variability, visible in the June image, are no longer visible in the post-drought (July and August) images.

water management (Cicek et al., 2010). The correlation between
water availability and the magnitude of ET variability on a subﬁeld scale indicates that HRMET is a valuable tool for identifying
water-stressed parts of a ﬁeld in near-real-time.
4.4. Persistent patterns of ET
While the magnitude of ET variability within the ﬁeld differs greatly between dates (Fig. 6), there are consistently low-ET
Table 1
Water availability proxies.
Precipitation [mm]

June 22

July 30

August 29

Previous 2 weeks

6.4

101.1

47.0

Mean soil moisture [m3 m−3 ]

June 22

July 30

August 29

W-1
W-4
W-5
W-6
W-7
W-8

0.109
0.039
0.142
0.030
0.115
0.136

0.172
0.114
0.170
0.101
0.132
0.208

0.187
0.154
0.211
0.081
0.165
0.262

portions of the ﬁeld across all images. To examine persistent spatial trends between dates, we introduce the concept of relative ET
(ETR ), deﬁned as absolute ET rates linearly normalized to the 5th
and 95th percentile of measured ET rates for a given image (Fig. 8).
Therefore, an ETR of 1 corresponds to the highest ET rates (95th percentile and higher) within a ﬁeld on a particular date, while an ETR
of 0 is the lowest ET rates (5th percentile and lower) within a ﬁeld.
ETR allows ET rates to be understood on the same intuitive numeric
range as a stress index like the CWSI (Jackson et al., 1981) while
retaining a strong physical basis. ETR also provides a useful tool for
comparison of ET across dates, which allows us to study spatially
variable responses to ﬁeld scale external forcings (e.g. weather) or
comparisons between crops at different developmental stages.
Using ETR , persistent patterning is apparent between measurement dates. The coarse-textured, relatively high-elevation
moraines extending from the southern edge of the ﬁeld are consistently among the lowest-transpiring sections of the ﬁeld. These
features also correspond with areas that had consistently lower
measurements of LAI across measurement dates. This is consistent
with previous ﬁndings of soil water availability and topography as
strong drivers of year-end yield (Kravchenko and Bullock, 2000;
Kumhálová et al., 2011), indicating that HRMET’s high-resolution
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Fig. 7. Standard deviation of HRMET-calculated ET rates for (a) May 25, (b) June 22, (c) July 30, and (d) August 29 in mm h−1 . All images stretched linearly to the same range.
Regions of highest variability tend to be those surrounding ‘hot spots’ in the thermal imagery, which correspond to regions of very low ET rates in Fig. 6.

Fig. 8. ETR over the ﬁelds using HRMET for (a) June 22, (b) July 30, and (c) August 29, normalized to the 5th & 95th percentile of ET rates within each ﬁeld. Persistent patterns
are apparent across measurement dates.
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Fig. 9. Using ETR (see Fig. 8) as a tool for mapping meter-scale sensitivity to moisture and drought stress. (a) shows a pixel-by-pixel comparison between ETR rates in June
(drought conditions) and July (rainfall in preceding week). Darker regions of the scatterplot correspond to greater densities of pixels. These are then mapped on the ﬁeld-scale
in (b) to demonstrate spatial patterns and the percentage of the ﬁeld in each class is shown in (c).

ET maps can capture these patterns in a non-destructive and
remote manner at high spatial resolution within the growing
season.
Identiﬁcation of these persistent patterns using ETR is a valuable application of HRMET. Temporal delays from image acquisition
to user availability present a major obstacle to the use of remote
sensing data in precision agriculture; Anderson et al. (2004) noted
that, for irrigation scheduling or variable-rate nutrient application,
farmers must have information about crop health in near-real-time.
ETR rates provide a useful tool for identifying stressed regions on
a subﬁeld scale; the persistence of these patterns between dates
means that a single image can be used to help guide future management decisions and identify sensitive regions even when very
low stress levels exist, and indicates that ET patterns on a subﬁeld
scale are driven by fairly static factors.

4.5. Mapping drought sensitivity
As noted above, persistent patterns in ET across the ﬁeld appear
to be driven by fairly static factors such as soil texture and water
availability. Any deviations from these patterns, therefore, indicate a spatially non-uniform response to external forcings. Fig. 9
presents a novel paired-image technique allowing us to explore
differences in ETR between dates using a comparison between our
wet image (July) and our dry image (June). This allows us to identify sensitivity to different stressors on a subﬁeld scale. To avoid
potential edge effects observed in Figs. 6–8 due to large Landsat pixel size, we did not analyze sensitivity on the 30 m closest
to roadways or buildings on the east and west borders of the
ﬁeld. Our paired-image technique is based on the principles of
binary-image change detection, which is common in the remote
sensing community (Singh, 1989; Lu et al., 2004). Change detection,
typically using multispectral data from an earth-orbiting satellite
such as Landsat, is often applied to agriculture to study land use
and management practices such as cropping intensity (Jain et al.,

2013), harvest monitoring (El Hajj et al., 2009), crop type distributions (Zhong et al., 2011), or crop rotations (Martinez-Casasnovas
et al., 2005). However, applying change detection techniques to
modeled data on a subﬁeld scale is less common. Our paired-image
method is, in essence, a within-season change vector analysis (CVA)
technique that uses normalized ETR data to divide a ﬁeld into 5 distinct classes. This facilitates the visualization of the change vectors
and image interpretation by the end-user (Fig. 9b). Using multiple
dry or wet images and more advanced change detection algorithms
may improve the efﬁcicacy and consistency of these sensitivity
class maps (Ozdogan et al., 2010).
It is important to note that, by comparing ETR rather than ET
rates here, we are able to eliminate between-date variability in ET
rates that could be driven by confounding factors such as meteorological conditions or development stage. Fig. 9a shows scatterplot
of ETR at each pixel, comparing our wet and dry images. A 1:1
relationship would mean that the ﬁeld had the exact same spatial distribution of ETR in both images and the map of ETR would
look identical between dates, though the magnitude of absolute ET
rates could differ between dates. In other words, each pixel within
the ﬁeld would be transpiring at the same level relative to the rest
of the ﬁeld across both measurement dates.
Based on this relationship, Fig. 9a is divided into 5 categories
corresponsing to different responses to changing water availability, which are mapped in Fig. 9b. Fig. 9c shows the proportion
of each of these classes. Consistently high, consistently medium,
and consistently low regions of the ﬁeld are those that perform
at approximately the same relative level between dates. These
areas include the coarse-textured, high-topography regions identiﬁed earlier (consistently low) as well as a low-lying depression
in the southeastern corner of the ﬁeld (consistently high). Consistently medium areas are generally at intermediate terrain. These
sensitivity classes provide a metric to evaluate the persistence of
pattern noted in Section 4.4, and the majority of the ﬁeld (70%)
is classiﬁed as consistent (high, medium, and low) across both
dates.
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By comparing a wet and dry image, we can also map the
sensitivity to drought stress on a subﬁeld scale. Pixels identiﬁed
as drought sensitive perform worse, relative to the rest of the
ﬁeld, during the dry image, indicating that they are responding
to changes in water availability before the rest of the ﬁeld. The
majority of the inconsistent regions are identiﬁed as drought sensitive (27% of ﬁeld). Conversely, moisture-sensitive regions (13% of
ﬁeld) perform worse, relative to the rest of the ﬁeld, during the wet
image. This disparity between drought-sensitivity and moisturesensitivity is driven by the prevailing growing season weather
conditions–the study site region experienced severe drought during the 2012 growing seasons, leaving crops vulnerable to water
stress.
One of the major obstacles preventing land managers from
incorporating remote sensing into agriculture is the turnaround
time from image acquisition to information availability – while
processing can often take days to weeks, decision-makers need
information on the order of hours to days (Moran et al., 1997;
Seelan et al., 2003; Mulla, 2013). Maps of sensitivity class provide
a valuable subsititute for real-time information about crop health,
which is not always available. A sensitivity map generated during a short dry period could be used to guide management during
a future drought. This knowledge can then be used to improve
forecast-based irrigation or nutrient application (e.g. Raghuwanshi
and Wallender, 1999; Cai et al., 2011) and alleviate stress before
signiﬁcant yield impacts are felt.

5. Conclusions
We have developed a ﬁeld-validated model, High Resolution
Mapping of EvapoTranspiration (HRMET), that uses a combination
of biophysical principles and established empirical relationships to
calculate the land surface energy balance at high spatial resolution
with easily-obtained data inputs. It takes advantage of an iterative
approach to calculating the turbulent heat ﬂuxes, and therefore
does not require a hot and cool pixel like many other surface energy
balance models (e.g. Menenti and Choudhury, 1993; Bastiaanssen
et al., 1998; Allen et al., 2007) and is applicable over entire growing
seasons at high resolutions.
We then demonstrate the utility of HRMET at two corn ﬁelds in
south-central Wisconsin during the 2012 growing season. HRMET
results (Fig. 6) suggest that the magnitude of subﬁeld scale variability in ET rates is primarily driven by the availability of water. This
has previously been demonstrated regarding year-end yield (Lark
et al., 1998; Raghuwanshi and Wallender, 1997); however, there
are practical limits to the spatial resolution at which yield mapping software can be employed (Lark et al., 1997). HRMET provides
a rapid and non-destructive technique to identify subﬁeld spatial
and temporal variability in crop performance at multiple points
within a single growing season.
We introduce relative ET (ETR ), a new technique for analyzing
spatially distributed ET maps (Fig. 8). ETR provides a simple normalization between dates that simultaneously translates ET to a
more intuitive metric for land managers and highlights persistent
patterns in the spatial distribution of ET rates. Patterns observed in
ETR appear to be driven primarily by slowly-changing factors such
as soil water availability and topography, as has been documented
in previous studies (Lark et al., 1998; Delin et al., 2000; Kravchenko
and Bullock, 2002; Kravchenko et al., 2003; Kumhálová et al., 2011).
Using ETR , we present a novel paired-image technique for analyzing
subﬁeld sensitivity to stressors. A comparison of ETR rates between
wet and dry conditions reveals that 70% of our study site can be
classiﬁed as fairly consistent between dates, 27% can be classiﬁed
as drought-sensitive, and 13% can be classiﬁed as moisture sensitive (Fig. 9). Subﬁeld sensitivity classiﬁcation enables precision

agriculture to use remotely sensed data in day-to-day management
decisions.
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