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Keypoints/Highlights:

1. Introduce three innovative procedures (one linear regression-based and two interpolation-based) to accurately
determine daily evapotranspiration at high spatial resolution.

2. Generate high spatiotemporal resolution ET,; maps with minimal error using aerial imagery.

3. Enable better understanding of plant and meteorological interactions with detailed ET, maps.

Impact:

The approach used in this study offers high spatiotemporal resolution ET,; maps using sensor-fusion of aerial
imagery and infield observations. aiding researchers in understanding plant health and meteorological interactions
to develop optimized irrigation techniques. This in-depth understanding could significantly improve water usage
efficiency in drought-prone regions.

Abstract

Spatial estimates of crop water use during the growing season are crucial for precision irrigation management,
especially under conditions of water scarcity and climate change. The on-farm trial detailed in this paper focuses on a
processing tomato field in the Sacramento Valley of California. Different meteorological parameters, including
temperature, precipitation, relative humidity, shortwave radiation, and wind speed, were measured hourly at three
specific locations in the field using on-the-ground sensors. Additionally, these sensors captured canopy surface
reflectance properties in multiple bands, covering the wavelength range of 420-956 nm. The collected hourly
meteorological and crop biophysical data were used to predict reference evapotranspiration (ET,) and calculate crop
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coefficients (K.), which were then used to derive point-based estimates of canopy evapotranspiration (ET.). High-
resolution multispectral and thermal aerial imagery were collected eight times during the growing season of 2021
(June—August). Several canopy properties, including leaf area index and crop height, were computed from the aerial
imagery. The spatial data was combined with meteorological information from nearby weather stations to map actual
evapotranspiration (ET;) with the High-Resolution Mapping of EvapoTranspiration (HRMET) model at 5-m
resolution. Next, the eight ET, maps and the daily sensor-based ET. estimates for the entire growing season were
combined to predict high-resolution ET, maps for days when aerial imagery was not collected. Three different
algorithms for prediction were implemented: Linear Regression, Weighted Piecewise Linear Interpolation, and
Forward Interpolation. The performance of these algorithms was evaluated using metrics such as Nash-Sutcliffe
Efficiency (NSE), Mean Absolute Error (MAE)., Root Mean Squared Error (RMSE), and Kling-Gupta Efficiency
(KGE). Results indicate that Forward Interpolation is the most suitable algorithm (NSE=0.694; MAFE=0.06:;
RMSE=0.07; KGE=0.894) for gap-filling and approximating daily high-resolution ET, maps (average hourly
estimates for each day) for the entire growing season for our study site. This innovative procedure aims to establish a
decision support system for efficient irrigation scheduling, fusing different sources of spatiotemporal information to
optimize irrigation in drought-prone areas.
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Abbreviations

Reference Evapotranspiration (ET,), Actual Evapotranspiration (ET,). Canopy Evapotranspiration (ET.), High
Resolution Mapping of EvapoTranspiration (HRMET), Crop Coefficient (K.), Normalized Difference Vegetation
Index (NDVI), California Irrigation Management Information System (CIMIS). Linear Regression (LR), Weighted
Piecewise Linear Interpolation (WPLI), Forward Interpolation (FI), Nash-Sutcliffe Efficiency (NSE), Mean Absolute
Emror (MAE), Root Mean Squared Error (RMSE), Kling-Gupta Efficiency (KGE)

1. Introduction

The imperative for sustainability in crop production has grown significantly due to the increasing world population
and the escalating impacts of climate change (Granata, 2019). Particularly in the western United States, agricultural
irrigation uses substantial quantities of water, averaging 1.8 ML of water per acre in 2018 (Sowby & Dicataldo, 2022;
U.S. Department of Agriculture, 2023). California is currently the leading producer and exporter of agricultural
produce in the USA—growing over a third of the vegetables and three-quarters of the fiuits and nuts consumed in the
country (California Department of Food and Agriculture, 2024; Howitt et al., 2014). However, producers in this region,
particularly in Central Valley, encounter significant challenges in effectively managing water and energy use (Berger
et al., 2016; Escriva-Bou et al., 2018; Schwabe et al., 2020; U.S. Department of Agriculture, 2023). With the recent
advancement of affordable commercial technologies such as public weather stations, satellite imagery, wireless sensor
networks, and decision support tools, precision irrigation management is becoming a widely adopted practice across
California (Jha et al., 2022). These state-of-the-art technologies are now widely used to facilitate precision micro
irrigation, such as deep root irrigation, subsurface drip irrigation, overhead sprinkler irrigation, deficit irrigation,
pressure-compensated drip irrigation, automated surface irrigation (Gu et al., 2020; Olsen et al., 2015; Tindula et al.,
2013). These irrigation methods require high-resolution spatial data at intervals that are actionable for optimized water
management (Chen et al., 2019:; Jha et al., 2022: Kisekka et al., 2014; Welle & Mauter, 2017). Actual
evapotranspiration (ET,) (Berti et al., 2014; Jensen & Allen, 2016; Mehdizadeh, 2018; Ravazzani et al., 2012) is a
useful indicator in determining the irrigation requirement by understanding the water loss from surface and within the
crop matrix (Brenner et al., 2018; Xia et al., 2016).

There are several established energy balance methods to estimate evapotranspiration using meteorological data,
canopy characteristics, soil surface properties, etc. (Brenner et al., 2018; Montero et al., 2018). Many of these methods
use some version of the Penman-Monteith equation (Monteith, 1965; Penman & Schofield, 1951), which estimates
the latent heat flux as a residual term in the energy balance equation (Ahmadi et al., 2022). Reference
Evapotranspiration (ET,) is an empirically-derived value that refers to the ability of the atmosphere to absorb water
independently assuming a constant conductance, leaf area index (LAI). and height of a reference crop—either well-
watered alfalfa or grass (Gu et al., 2020; Kazemi et al., 2020). The crop specific reference evapotranspiration, denoted
as ET, is obtained by multiplying meteorological data-driven ET, with a crop coefficient (K.) that is a relative
representation of the various physical and physiological characteristics (leaf area, crop height, canopy cover
percentage, aerodynamic resistance, etc.) specific to the crop (Ghiat et al., 2021; Jensen & Allen, 2016).

One approach for estimating the K. at either a point or over a field-scale domain is to develop empirical models that
use the normalized difference vegetation index (NDVI) (Benedetti & Rossini, 1993) as input (Choudhury et al., 1994
Kamble et al., 2013; Pelta et al., 2022; Tasumi et al., 2006). NDVTI is a canopy reflectance property in the red and near-
infrared spectrum which shows a strong correlation with LAT and crop height (Rouse et al., 1974; Zipper & Loheide,
2014). Hence, these energy balance models allow on-the-ground, canopy-based sensors to continuously estimate the
ET. of the canopy by sensing parameters such as meteorological variables, NDVI, and soil moisture. In-situ ground
sensors are thus capable of providing hourly ET. data for irrigation management, but they are limited in capturing
spatial variability or areas of water stress within an agricultural field (Jha et al., 2022; Nocco et al., 2019).

High-resolution, spatial estimates (<5 m? pixels) of evapotranspiration can complement in-situ ground sensor
estimates (Bisquert et al., 2016; Ramirez-Cuesta et al., 2019). Remotely sensed data—collected using satellite, piloted
or unoccupied aerial imagery, etc.—can provide estimates of radiometric surface temperature and multispectral indices.
Remote-sensing-based ET, models combine these remotely sensed data, along with the meteorological parameters to
solve the energy balance equation and provide estimates of ET, (Ahmadi et al., 2022; Chen et al., 2022; French et al.,
2015; Guzinski et al., 2020).

Some remotely sensed ET, models include the One-Source Energy Balance (OSEB) (Su, 2002), Two-Source Energy
Balance (TSEB) (Norman et al., 1995), Dual Temperature Difference (DTD) (Hoffmann et al., 2016), Deriving
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Atmosphere Turbulent Transport Usefull To Dummies Using Temperature (DATTUTDUT) (Timmermans et al., 2015;
Xia et al., 2016), Surface Energy Balance Algorithm for Land (SEBAL), Mapping Evapotranspiration at high
Resolution with Internalized Calibration (METRIC), and High Resolution Mapping of EvapoTranspiration (HRMET)
(Zipper & Loheide, 2014). The OSEB model considers the whole surface as a single uniform layer (does not
differentiate soil and canopy) but is less sensitive to the variations of surface temperature (Su, 2002). The SEBAL.,
METRIC, and DATTUTDUT (a variation of OSEB that only use the surface temperature as input) models require the
presence of both hot and cold pixels (Timmermans et al., 2015; Xia et al., 2016; Zipper & Loheide, 2014). The TSEB
model does differentiate between soil and canopy components within the same pixel and does not require hot and cold
pixels, but is more effective for homogeneous fields and is somewhat sensitive to the temperature difference between
the ground and air (Norman et al., 1995). DTD overcomes the temperature bias but requires more aerial missions—
making the data collection process more expensive and complicated (Hoffmann et al., 2016). In contrast to the
previously mentioned methods, the HRMET model is designed to have simplified inputs (meteorological data from
publicly accessible weather stations, thermal and multispectral imagery of the field. soil (relatively unchanging) albedo
and emissivity etc.) and also does not require hot and cold pixels (Ebert et al., 2022; Niu et al., 2020). This model has
performed well in several crops, with an R2 of 0.89 fit with on-the-ground measured leaf transpiration of peach orchard
(Park, 2018; Park et al., 2021) and an R? of 0.943 fit with the Shuttleworth-Wallace model for potato and an R2 of 0.7
fit for sweet corn (Nocco et al., 2019). Therefore, HRMET was used for generating high resolution maps of ET; in
this study.

Current precision agriculture technologies (soil moisture sensors, NDVI sensors) are extensively employed for
monitoring abiotic and biotic stresses in plants. However, these technologies can often be inadequate in terms of space
and time for taking necessary actions or preventing crop stress. By the time crops exhibit symptoms, internal losses
may have already occurred, leading to decreased production. Such occurrences can be averted, or at least minimized,
through the spatiotemporal monitoring of growth variability encompassing both healthy and stressed conditions during
the season (Jha et al., 2022; Poirier-Pocovi et al., 2020; Zhang et al., 2020). Thus, sensor fusion, which combines data
from on-the-ground sensors with aerial imagery, could provide the most effective resource for monitoring crop water
use. Previous research in this area has utilized satellite data with spatial resolutions of 30 m to a few global degrees,
and at a temporal resolutions of six to eight days (Cammalleri et al., 2013; Miralles et al., 2011; Mokhtari et al., 2021;
Mu et al., 2011; Ryu et al., 2011). Alternatively, by integrating easy-to-implement, powerful geostatistical
interpolation tools with remotely-sensed ET, models, as well as the on-the-ground sensor measurements, it becomes
feasible to generate higher-resolution field-level daily ET, data with a reduced number of aerial missions.

The objective of this study was to develop high-resolution ET, maps using a sensor data fusion approach to optimize
irrigation in drought-prone areas. While previous studies (Mokhtari et al., 2021; Cammalleri et al., 2013) have used
interpolation and smoothing techniques to fill temporal gaps in ET, data, these approaches often fall short in capturing
the highly non-linear, day-to-day variability in crop water use driven by environmental fluctuations and physiological
responses. To address this limitation, two customized interpolation approaches, Weighted Piecewise Linear
Interpolation and Forward Interpolation were developed in this study that are designed to model daily ET, dynamics
more realistically. These methods offer flexibility to reflect sharp transitions and gradual trends without over-
smoothing the signal. In addition, a pixel-wise linear regression was modelled to provide a benchmark that accounts
for location-specific ET, patterns based on available observations. This regression approach enables pixel-level
calibration that adapts to heterogeneous field conditions. By combining these complementary techniques, the
prediction framework presented aims to balance accuracy, interpretability, and operational practicality in generating
daily, high-resolution ET, maps from limited aerial missions.

The average hourly estimates of daily ET, was achieved in two different segments—first, using HRMET, spatial ET,
maps of a processing tomato field in California from eight different piloted missions during the growing season were
generated (June—August) of 2021. Next, three different geostatistical time-series estimation techniques were employed
to fuse data from ground sensors with high-resolution ET,; maps to predict ET, maps for the days in-between the
missions. Linear regression and two types of interpolation (Weighted Piecewise Linear Interpolation and Forward
Interpolation) were used to predict ET, maps for the days in-between the missions and evaluated performance using
four metrics: Nash-Sutcliffe Efficiency, Mean Absolute Error, Root Mean Squared Error and Kling-Gupta Efficiency.



2. Methodology

122°W  121°50'W 121°40'W 121°30'W

T s
I.!_‘

38°35'N
™
a
1
:
38°35'N

B /|

e i o)
Bureny o Ll Warapersers, EPA, WFS

ZZT\( 121°50'W 121°40'W 121°30'W

38°25'N
i
|
p
38°25'N

[y

f 125 25 50Kilometers

38933'42"N

=
©
A =
[a2]
& &
=] ]
43 ] ag]
| ©
z . "
'.QS - = | =
™M i =5
£ it l 8
32} | . | ) wll g
121°55'30"W 121°55'22"W 121°55'14"W 121°55'6"W 121°54'58"W ©
N
0 0.23 0.45 0.9Kilometers A

Fig. 1 Geographical location of the processing tomato field in Sacramento Valley of California.

2.1 Site and Dataset Description

The experimental site was a 3 ha processing tomato field under standard agronomic practices in Winters, CA, located
in the Sacramento Valley (Northern Central Valley) of California (as shown in Fig. 1). Prior to transplanting, the field
underwent conventional tillage, including disking and bed shaping to prepare the beds for drip irrigation and transplant
establishment. Tomatoes were transplanted into raised beds with subsurface drip irrigation. Nutrient inputs were
followed using recommended guidelines in processing tomato systems and were managed through pre-plant
applications of phosphorus and potassium, with nitrogen supplied in-season. Weed control consisted of pre-emergent
herbicide applications and inter-row mechanical cultivation. To manage Phelipanche ramosa (broomrape), rimsulfuron
was applied as a foliar spray during the early reproductive stage. following established protocols for in-season
broomrape suppression in tomato cropping systems. Tomato seedlings were transplanted in mid-April 2021 at a
density of approximately 30,000 plants per hectare. Information about data types, all available features, frequency of
data availability over the season, and different data sources is provided in Table 1. The soil type in the location was
dominantly Capy silty clay (90.2 % of the area) and Tehama loam (9.8% of the area) (U.S. Department of Agriculture,
2019). All data for this study were collected during the growing season of 2021 (June—August). The soil apparent
electric conductivity of the field was measured using EM38-MK2 Geonics (Ontario, Canada) before the growing
season in March 2021. This equipment measures soil electrical conductivity as a proxy measurement of
electromagnetic induction of the soil. Based on the spatial variability, the field was classified into low (86.03—110.86
mS m!), medium (110.86-118.34 mS m™), and high (118.34-137.35 mS m!) apparent electrical conductivity (at 1.50
m depth) areas. Three canopy-based Arable Mark IT sensors (California, USA) were installed at three different
locations of the field (Rossini et al., 2021). Using plant spectral reflectance, these (Arable Mark II) sensors measure
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or derive several plant stress detection parameters such as chlorophyll index, ET., NDVT, etc. (see Table 1) on both an
hourly and daily basis. For this study, data were collected from June 2021 to August 2021.

Daily meteorological parameters were accessed from the California Irrigation Management Information System
(CIMIS) station located 12.36 km away (CIMIS, 2024). At present, there are 153 active CIMIS stations in California,
operating in 18 ET, climatic zones in the state and these stations are maintained by the California Department of Water
Resources. The meteorological parameters used in this study included shortwave solar radiation, soil temperature,
precipitation, relative humidity, wind direction, and wind speed (see Table 1 for more information).

Additionally. high-resolution thermal and multispectral images of the field were taken using a piloted aircraft
(California, USA) eight times during the growing season to capture the spatial variability of plant growth across the
field. The thermal images were collected using the thermal sensor FLIR A65 (Oregon, USA), whereas the multispectral
images were collected using a custom configuration of a constellation of VNIR IDS camera systems (California,
USA). The multispectral images use 4 channels—Red, Green, Red Edge. and NIR respectively. Table 2 shows the
resolutions of the thermal and reflectance images for eight aerial missions throughout the 2021 growing season. The
images were resized (pixel size-enhanced) to the largest dimension (marked in bold in Table 2) using nearest-neighbor
interpolation (Meijering, 2002) so that each pixel represents the same geolocation in the field for all images taken
during the eight respective missions.

Aerial missions were scheduled close to solar noon to align with peak net radiation and minimal shadow conditions,
thereby improving the accuracy of surface energy balance models such as HRMET. This timing ensures optimal
thermal contrast and illumination for ET, estimation, as supported by UAV imaging best practices (Maes, 2025).

Table 1 An outline of all available features including the data type, number of data points collected over the entire
growing season, and their respective sources.

Parameters Unit Data Frequency of data | Source
type collection

Sensor measurements:
Relative Humidity %
Shortwave Radiation W m?
Temperature °C
Precipitation mm
Pressure kPa
Wind speed ms!
Wind direction deg ] )
Derived measurements: sca,!ar . Alable. Mark 11
Chlorophyll Index (point daily sen.sms
Arable Field ET, mm hr! data) (Arable, 2021)
Arable Canopy ET. mm hr!
NDVI
Vapor Pressure kPa
Crop Coefficient
Leaf Wetness duration hr
Dew Point Temperature °C
Crop Water Deficit mm d!
Thermal (15—50 °C) °C Aerial imagery

(Ceres
Reflectance (Red—670 nm) W m?2nm?! eight times during the | Imaging)
Reflectance (Green—550 nm) W m?2nm?! spatial season (Gadhwal &
Reflectance (Red Edge—717 nm) W m?2nm?! (details in Table 2) Sharda, 2023;
Reflectance (NIR—800 nm) W m?2nm?! Peddinti &

Kisekka, 2022)
Air Temperature °C al CIMIS station
Shortwave Radiation W m?2 > al; houl (Davis,
Vapor Pressure kPa E:lp(t)m ourty CA.USA)
Wind Speed ms! ata) (CIMIS, 2024)




Table 2 Resolution of the images collected by aerial piloted aircraft throughout the 2021 growing season.

Mission timeline Image dimensions (Reflectances) Image dimensions (Thermal)
June 14 1935x4025x4 1493x3093

June 23 1971x4101x4 1527x3164 ¢

June 30 1872x3894x4 1450x3004

July 08 1901x3956x4 1466x3039

July 14 2002x4166x4 ° 934x1942

July 21 1920x3995x4 1484x3075

July 27 1926x4007x4 1477x3062

August 5 1924x4002x4 1468x3044

“ Thermal image with the largest dimension (~0.25 m pixel™) ° Reflectance image with the largest dimension (~0.19
m pixel™). All images were resized (pixel size-enhanced) to the largest dimension.

While nearest-neighbor interpolation avoids altering the original reflectance values. it may result in pixel-level
discontinuities at image boundaries due to the 14% reduction in pixel size. This tradeoff was considered acceptable
for preserving raw reflectance integrity, but it may have minor implications for spatial consistency, especially in
heterogeneous areas.

2.2 Framework for spatial ET, estimation and geostatistical time-series interpolation

Traditional decision-making relies on point estimates that have high temporal resolution. Such measurements could
provide robust data for a specific location in a field but do not account for spatial variability. To overcome this
limitation, the High-Resolution Mapping of Evapotranspiration (HRMET) model (Zipper & Loheide, 2014) was used
in this study, enabling spatial estimates of ET, every 6-10 days throughout the growing season. However, ET, values
can fluctuate between two consecutive missions based on weather, management, and crop responses. Geostatistical
time-series interpolation techniques were used to fill data gaps between missions and build prediction models for
spatial ET, on future dates. These predictive models used the eight HRMET-derived ET, maps and average hourly
ET. for each day obtained from the in-situ Arable Mark II sensors.

For each pixel in the HRMET-generated images, three different spatiotemporal estimation techniques were used—(i)
linear regression, (ii) Weighted Piecewise Linear Interpolation (WPLI) and (iii) Forward Interpolation (FI). These
techniques were used to estimate daily spatial ET, for the growing season. Depending on the method, the estimates
were generated for days between mission dates or after the most recent mission. The linear regression fits a line for
each pixel in a spatial ET; map, based on their HRMET-generated values and the corresponding daily sensor ET.
values for the mission days. Then for a new ET. value, the corresponding ET, value of that pixel is found as the
projection on that line. The WPLI uses two consecutive HRMET-generated maps from two respective missions and
predicts the spatial ET, maps in between these dates, while FI only uses the HRMET-generated maps from the past to
predict the spatial ET, on a future date. Fig. 2 shows the detailed analysis pipeline of the presented algorithms and
framework.
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Fig. 2 Detailed analysis pipeline for high spatiotemporal estimation of ET, using HRMET-generated maps and
geosfatistical time-series interpolation techniques, including linear regression, Weighted Piecewise Linear
Interpolation (WPLI), and Forward Interpolation (FI).

2.2.1 Modeling Spatial Evapotranspiration using HRMET

The High Resolution Mapping of EvapoTranspiration (HRMET) (Zipper & Loheide, 2014), a model-based approach,
was used to estimate spatial ET; using the surface energy balance equation. The available energy (A) at the field
surface is defined as the difference between net incoming radiation (R) and the sensible heat flux transmitted in the
subsurface (G). The energy balance equation states that A can be partitioned into sensible heat flux (H) and latent heat
flux (AET) and is expressed as follows:

A=R—G=H + AET (1)
Once AET is calculated from eqn. 1, it can be directly converted to an ET, rate (mm hr'?).

As shown in Fig. 3. the model requires four types of inputs parameters: site location. meteorological data sourced
from the nearest CIMIS weather station, surface characteristics such as emissivity (£) and albedo of crop canopy and
soil, and spatially variable biophysical crop characteristics (radiometric surface temperature, LAI, and crop height).
In this study, the £ values for soil and vegetation were used as 0.94 and 0.95, respectively.

Using the respective € values for these two types of surfaces, the longwave radiation component of R was calculated
using Stefan Boltzmann Law for graybody radiation as: eoT*, where T denotes the surface temperature (K) and o is
the Stefann Boltzmann constant (W m 2K *). The shortwave component was calculated using incoming radiation data
from CIMIS, LAL soil and vegetation surface albedos with the help of radiation extinction model (Norman et al.,
1995). The same model was also used to estimate G, allowing the computation of A.

Once A was calculated, H was iteratively computed by estimating the diabatic correction factor for momentum and
heat flux, friction velocity, aerodynamic resistance and excess resistance to heat transport, with a convergence criterion
of 0.1%. The spatial ET,; was then subsequently calculated from the latent heat flux AET, which is the difference
between A and H. This calculation was carried out at a 5-meter resolution. allowing for the representation of canopy-
scale indices that include both plant and soil components within each pixel (Nocco et al., 2019).



HRMET was implemented in RStudio (Allaire, 2012) using the following packages: raster, rgdal (to import thermal
and multispectral reflectance spatial data), readx/ (to import meteorological parameters and canopy characteristics),
lubridate (for datetime processing). The rest of the algorithm was devised, designed and custom-implemented (for

further details, see https://github.com/samzipper/HRMET).
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Fig. 3 Pipeline for developing spatial ET, maps using High-Resolution Mapping of EvapoTranspiration (HRMET)
model. The meteorological data picture was obtained from (CIMIS, 2024).

2.2.2 Estimating Temporal Evapotranspiration using Geostatistical Estimation Techniques
Geospatial interpolation techniques were used for function approximation to predict spatiotemporal ET, estimates in
between a set of known discreet spatial ET, maps (from eight missions). To perform interpolation, it is assumed that
the set of known points are sampled without errors from a continuous function (Kress, 1998). Through these known
set of points, the target function (ET,) passes exactly following a specific trend. Traditional interpolation methods,
including nearest-neighbor interpolation, linear interpolation, polynomial interpolation, spline interpolation (Kress,
1998; Meijering, 2002), are commonly used in such contexts. However, these methods tend to oversimplify the
underlying dynamics of the system, as they do not fully capture the highly non-linear, complex temporal variability
of plant behavior over short timescales. To address this imitation, two different geostatistical spatiotemporal
interpolations techniques were developed to estimate spatial ET, in this work—Weighted Piece-wise Linear
Interpolation (WPLI), and Forward Interpolation (FI), respectively. These methods not only retain the simplicity of
linear transitions but also adapt locally based on daily variations, improving accuracy in representing the temporal
variability of ETa. In addition, two different variations of Linear Regression (LR) were incorporated to compare the
outputs against the efficiency of interpolation methods.

2.2.2.1 Linear Regression

Linear regression was used to model the relationship between explanatory and response variables. In this study, the
response variable is the pixel-wise ET, rate (mm hr'!) obtained from HRMET while the explanatory variables were
represented by daily evapotranspiration (mm hr!) estimated from the canopy sensors. Specifically, X = {X,, ..., X,}
be the set of n explanatory variables and Y*/ be the ET, rates at the (i, j)® pixel as calculated with HRMET. To predict
spatial ET, maps (mm hr!) for all days without aerial missions based on sensor variables, a LR function was developed
with the following form:


https://github.com/samzipper/HRMET

fX) =0 + 017X, + 0%, + -+ 67X, @

where 8%/ are parameters learned by minimizing the residual sum of errors between predicted and observed ET, values
at pixel (i,j). Note that f*/ was defined distinctly for each pixel (i, ) to predict spatial ET, maps from non-spatial
explanatory variables. The underlying assumption of this approach is that the evapotranspiration of each pixel
correlates with variables measured by Arable Mark II sensors, and that this correlation is specific to each pixel.

Among the two variations of LR implemented in this study, the first variation fills the gaps between missions. In this
method, the true function was estimated using both past and future missions. The second variation finds the best-fit
line using past mission data only.

In this study, only one explanatory variable (daily ET. from Arable) is used to model pixel-specific ET,. Meaning, for
an explanatory variable X; that represents the Arable sensor-based ET. for the aerial mission days, the corresponding
response variable Y is the HRMET-derived ET, for each (i.j) pixel on those same days. In this regard, eqn. 2 is modified
to the following equation:

Y = 657 + 6,7 %, 3)

where Y%/ is the HRMET-generated ET, rates at pixel (i, j) and X; is the average daily ET. of the three Arable Mark
1I sensors. Bé’j and Bli’j are regression coefficients learned independently for each pixel by minimizing the residual sum
of squares between the predicted and observed ET, values. Both variations of LR were implemented using the
LinearRegression class in the Scikit-learn library, a Python package (Pedregosa et al., 2011).

Filling-the-gaps: Leave-one-out cross-validation was performed to evaluate the ability of LR to predict ET, maps
between missions. Specifically. all ET, maps were used except the k™ mission to fit the LR model and evaluate its
prediction for the k™ mission. This process was repeated for all missions k € [1,8]. This linear regression approach
was denoted as LR,

Forecasting: In the forecasting setup, only previous ET, maps from HRMET were used fo fit the above-mentioned LR
model and evaluate the prediction of the following ET, map. Since LR needs at least one ET, map before making
predictions, the first forecast starts from the second mission. In this scenario, linear regression approach was denoted
as LRT L.

2.2.2.2 Weighted Piece-wise Linear Interpolation
Linear interpolation assumes the target function to be a straight line between any two consecutive points.
Mathematically, in a two-dimensional plane, if two points (x, ,y;) and (x,, y,) are given, then any points located in
the interval [x,, x,] lies in the straight line connecting (x, ,y,) and (x,,¥,). The value of such a point (x3, ¥3) where,
{x3:x; < x3 < x,} can be found using the following equation:

y3=y1+(x3—x1)x% )

2 1

In this study, each x,, represents a mission conducted between June 14, 2021, to August 8, 2021. y,  is a spatial ET,
value of (i, j)® pixel for the corresponding date. Using the daily ET, readings from the in-situ canopy sensors, a trend
can be extracted from those values instead of assuming a straight line between two consecutive missions. This trend
offers more accurate ET, maps for each day. revealing fluctuations in ET, values corresponding to changes in
meteorological parameters. To accommodate this trend, the linear interpolation technique was modified. introducing
a novel method that we termed Weighted Piece-wise Linear Interpolation (WPLI). Based on our literature search, this
method or a similar method has not been implemented before. WPLI observes the daily sensor-based ET. trends as a
piece-wise linear segments, modeling daily pixel-specific ET, proportionally based on both preceding and succeeding
aerial missions. The significance of each mission is weighted according to the difference between their operating dates
and the target date of estimation. Further details on this weighing mechanism as per the day difference are provided
in Online Resource 1.

WPLI was mathematically formulated as follows. At first, the 3 Arable sensors measurements were averaged to find
the reference trend—denoted by ETc,_ . Then, for each (i, j)® pixel in the map, the following procedures are followed:
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- For two consecutive missions, f;, and fj.4,. the ratios C}; and C;‘,fﬂ of the ET, values in the map and the
Arable sensor were calculated.

Lj

Py y
G = e, ©

where f;, € {fi, fi+1}

- Forward trend P;;rf , using C f‘: were calculated.
El =7 X ETcy, (6)
where X, € [fe, fis1]

- Backward trend B;;: , using C fi’kjﬂ were calculated.

BY = C}J XETc,, (7

where x;, € [f, fies]

- For each day x, € [fi, fi+1] - the ET, values from F;f:' and B;i using the following equations were
approximated.

1

W= (Frsr—Fr)—1 (8)

vl = EY{(1 —w(x, — 1)} + B w(x, — 1) ©)

Eqn. 9 uses the concept of Inverse distance weighting (IDW) on time scale (Lu & Wong, 2008). In IDW, the value of
an unknown point is calculated based on its distance from two or more known points (Jinior et al., 2019). A weight
factor is added on each known point such that the factor decreases with the increase in distance (Lu & Wong, 2008).
The same weighting approach was adopted in this study for time series data. For a non-mission day x,: x, — fx <
fr+1 — X, the weight of F;ff would be proportionally greater than the weight of B::;: in calculating y;:: . Iterating using

this approach in between the consecutive missions f; and fj, 4. the resultant y;;: vector was a piece-wise linear graph.

The ET. values measured by the point-based Arable Mark II sensors on the dates of different missions are shown as
ET. in Table 3 and were used to calculate C flﬂ" ratios in eqn. 5. In practical application, out of eight missions, each two

consecutive missions (mission k and (k + 1), k € [1,7]) should be used to generate the spatial ET. for the
intermediate dates, along with their corresponding ET.. However, to assess the performance of WPLI, alternate
missions (mission k and (k + 2). k € [1,6]) were used instead of the consecutive missions to generate the spatial
ET,; for the intermediate dates, including the one for mission (k + 1). Then, the original HRMET-generated ET, for
that date was compared with the reconstructed images. WPLI was implemented in MATLAB (The MathWorks Inc..
2023d) with the help of the following functions: readgeoraster from Mapping Toolbox (The MathWorks Inc.. 2023c)
(for importing HRMET-generated ET, maps), daysact from Financial Toolbox (The MathWorks Inc., 2023a) (for
calculating the difference between target dates and the mission dates), default functions such as, readtable, strrep.
linspace for certain operations between different data-types. The rest of the algorithm was devised, designed and
custom-implemented.

2.2.2.3 Forward Interpolation
Forward Interpolation (FI) uses a similar concept to WPLI. However, in this method. the value of any pixel in the
spatial ET, image is estimated from the previous mission(s) only. The goal of this method is to predict the ET; based

on ET; -ET. ratios (C, ;n" s from eqn. 5) from the previous mission(s) and the ET. on the target day. In other words, past

trends are projected into the future and this trend is used to predict spatial ET, for each individual pixel using the
concepts of geostatistical linear interpolation. In doing this, the equations of IDW (Lu & Wong, 2008) are modified to
be unidirectional in the time-series scale. That means, in the time scale, all the known data points are in the past (in
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one direction only) compared to the unknown data. The procedures for this method to approximate each (i, j)® pixel
are as follows:

C;: for each f,, € {f1, ..., fix} (the mission on date f; and all its previous missions of the season) were
calculated using eqn. 5. For example, to find the spatial ET, for July 9, 2021 (a date with no mission), f;,
included the missions on June 14, 2021, June 23, 2021, June 30, 2021, and July 8, 2021, respectively (here,
f; refers to June 14, 2021, and f;, refers to July 8, 2021).

- Separate forward trends F,” using each obtained C;’ were estimated using eqn. 6 in the interval (f, fic+1]
(similar notation as eqn. 6). In practice, f;4, can be any day in the future, but in this study, f;.;, denoted the
next scheduled mission for evaluation purposes (see more details in the results section).

- For each day x,, € (f%, fx+1]. the cormresponding weight factor of each mission were calculated using the
following equations.

6xﬂ,fk =Xn — fk (10)
1
axn,
Wary = 5 ()
kaxnaf k

As depicted in equations 10 and 11, the weight factor for each previous mission, for a given day, is inversely
proportional to the difference between that day and the corresponding mission (similar to the approach described in
the case of WPLI, with the condition that the difference in days must be at least 1. Therefore, an open interval is used
at the beginning). The obtained weights are then normalized in the following way.

i Wane = 1 (12)

The ET, value was approximated using all forward trends (P;ff) and their corresponding weight factors (wy,, r, ) using
the following equation.

Vel = L1 FeWanp, (13)
Eqns. 10-13 show that the closer the missions from the target date, the more weights are assigned to the corresponding
mission data.

Three variations of FI method were implemented, named FI-1, FI-2, and FI-co, respectively. Forward Interpolation-1
(FI-1) considers only one previous mission, Forward Interpolation-2 (FI-2) considers the previous two missions and
Forward Interpolation combined (FI-o0) considers all the previous missions of the season while approximating the ET,
for any non-mission day. In a similar fashion, any variations of the FI method can be modeled (for example, FI-k,
where k =1, 2, 3, 4...). The reason for adapting these variations was to see whether the value of ET, for a specific
date depends on the most recent field conditions, or all the past days since the beginning of the season.

The ET. values measured by the point-based Arable Mark II sensors on the dates of different missions are shown as
ET. in Table 3 and were used to calculate C ;ﬂ" ratios in eqn. 5. For performance evaluation, for each day of the season

after the first mission (June 14, 2021), the previously available missions were used respectively. For example, for FI-
oo, missions (1...k), k € [1,7] were used to generate the spatial ET, for mission (k + 1). Then, the original HRMET-
generated ET, for the (k + 1) mission was compared with the reconstructed image for that day. All variations of FI
were implemented in MATLAB (The MathWorks Inc., 2023d) with the help of the following functions: readgeoraster
from Mapping Toolbox (The MathWorks Inc., 2023c) (for importing HRMET-generated ET, maps), daysact from
Financial Toolbox (The MathWorks Inc., 2023a) (for calculating the difference between target dates and the mission
dates), default functions such as, readtable, strrep, linspace for certain operations between different data-types. The
rest of the algorithms were devised. designed and custom-implemented.

2.3 Model Efficiency and Evaluation Metrics

The effectiveness of the algorithms used in this study was tested using the following four error metrics—Mean
Absolute Error (MAE) (Willmott & Matsuura, 2005), Root Mean Squared Error (RMSE) (Willmott, 1984), Nash-
Sutcliffe model efficiency coefficient (NSE) (Nash & Sutcliffe, 1970), and Kling-Gupta Efficiency (KGE) (Gupta et
al., 2009; Kling et al., 2012). The mathematical definitions of these metrics are provided in Online Resource 2.
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2.4 Data Preprocessing

The multispectral and thermal images had different dimensions for each mission as shown in Table 2. Therefore,
thermal images were resized (pixel size-enhanced) to 1527 x 3164, and multispectral images to 2002x4166 for all the
4 channels using nearest-neighbor interpolation (Meijering, 2002). This step was implemented in MATLAB (The
MathWorks Inc., 2023d) using the imresize function from the Image Processing Toolbox (The MathWorks Inc.,
2023b). First, the daily ET. trend was obtained by averaging the ET. data from the three in-situ canopy sensors,
expressed in mm d™ (shown in Fig. 4 and Table 3). This value was then converted to mm hr* by dividing it by 24 hr.

ET (mmd’)
E=8 [4)] [=] | [a=] =]

%
LN [} Oy rL.
2 N X
<° = 3 N
» 3 v-‘)
- - -Sensor 1 ETc - - -Sensor 2 ETC Sensor 3 ETC

—e—Average ET_ % Aerial Mission Date

Fig. 4 Daily ET. trends of the three Arable Mark II sensors located at the field along with their average values. The
figure also shows the dates of aerial missions.

Table 3 Daily readings of some meteorological parameters on the missions—an average of the three field-installed
Arable Mark II sensors in the growing season of 2021 (June— August)

Date (of NDVI Avg Air Temp | Max Air Temp | ET. B Min RH | RH at Max | VPD
2021 season) (cC) (cC) (mm hr™) | (%) Temp (%) (kPa)
June 14 0.77 21.93 29.26 0.25 0.32 0.43 11.7
June 23 0.83 21.67 30.07 0.27 0.33 0.35 12.0
June 30 0.86 22.33 30.74 0.27 0.51 0.53 9.7
July 08 0.87 22.91 35.13 0.30 0.32 0.34 13.7
July 14 0.85 20.85 29.78 0.27 0.38 0.42 11.0
July 21 0.83 2191 32.39 0.28 0.29 0.30 13.0
July 27 0.80 23.67 31.22 0.23 0.30 0.32 16.0
August 5 0.76 21.29 29.46 0.23 0.38 0.46 11.0

The HRMET model estimates ET; in units of mm hr!, using meteorological variables at hourly resolution. These
instantaneous rates typically peak around solar noon due to maximum net radiation and incoming shortwave
radiation, which enhance surface heating and vapor pressure gradients—key drivers of evapotranspiration (Zipper &
Loheide, 2014).

Since the available spatial ET, data was limited to instantaneous (hourly) estimates collected at varying times of day
across different aerial mission dates, in order to approximate the daily total ET,, the mean hourly ET, for each day
was calculated. These instantaneous values were typically recorded close to solar noon, when net radiation and
vapor pressure gradients are strongest, leading to peak ET, rates. While this approximation provides a daily-scale
estimate, it does not capture the typical diurnal peak in ET, that occurs around midday, a potential limitation of this
approach.
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2.5 Correlation Analysis and Feature Selection

Table 4 shows Pearson’s Correlation Coefficients between the average of all pixel values in the HRMET-generated
ET. map (denoted as Mean ET,) and different meteorological parameters on the missions. In practice, the coefficients
with absolute values greater than 0.9 are considered very highly correlated, and those in the range of 0.7-0.9 are
considered highly correlated (Calkins, 2005). From the table, the mean ET, does not have a remarkably high
correlation (greater than 0.9) with any of the meteorological parameters, but it has a high correlation (both positive
and negative) with 9 parameters. The highest correlation (0.764) is with ET. (canopy evapotranspiration). While
considering the input variables of the spatiotemporal estimators, the interdependency of the canopy parameters was
also considered. According to the interdependency of the predictors, if some predictor is itself derived using other
predictors, using all the predictors as model input might negatively affect the model performance (Schneider et al..
2010). As the ET. parameter in Arable Mark II sensors is calculated from other parameters such as temperature,
humidity, radiation, wind speed, crop coefficient, NDVI, and field evapotranspiration, ET. has an interdependency
with all of the above parameters (Arable, 2021). Therefore. in this study, ET. is the only parameter that was used to
find the temporal variation of daily spatial ET. In other words, the effect of the other parameters was accounted for
through ET..

Table 4 Pearson’s Correlation Coefficients for the mean value of HRMET generated ET, maps (Mean ET,) with
different meteorological parameters measured by the on-ground sensors (Arable) on the missions (Arable, 2021).

Correlation coefficients with

Parameter(s) Mean ET,
Chlorophyll Index (cl) 0.556
Field Evapotranspiration (ET) 0.720
Canopy Evapotranspiration (ET) 0.764
Normalized Difference Vegetation Index (NDVI) 0.571
Minimum Relative Humidity (min rh) 0.067
Relative Humidity at Maximum Temperature (rh at max temp) -0.110
Relative Humidity at Minimum Temperature (rh at min temp) 0.646
Heat stress hours (swdw) 0.702
Maximum Temperature of the day (max temp) 0.489
Average Temperature of the day (mean temp) -0.342
Minimum Temperature of the day (min temp) -0.702
Maximum Temperature at Dew Point (max temp dew) 0.523
Daily Precipitation Amount (precip) 0.586
Daily Precipitation Duration (precip hours) 0.586
Cumulative Precipitation Amount (cumulative precip) 0.058
Sea Level Pressure -0.736
Vapor Pressure Deficit (vpd) -0.315
Crop coefficient (K.) 0.557
Leaf Wetness 0.721
Temperature at Dew Point (dew temp) 0.481
Crop Water Demand 0.721
Sunshine Duration 0.737
Wind Speed 0.275

14



Wind Direction in Degrees -0.753

Maximum Wind Speed (wind speed max) -0.215
Minimum Wind Speed (wind speed min) -0.125
3 Results

3.1 Timeseries Comparison between different interpolation methods:

To compare the effectiveness of the presented interpolation techniques (WPLI and FI) over standard baseline
interpolation methods, including nearest-neighbor interpolation, linear interpolation, and spline interpolation
(Meijering, 2002). In this regard, the comparison was performed during the first three aerial missions period (June
14-30, 2021), Sensor 1 ET. daily measurements for this duration were used as a reference to model the temporal
variation of ET.. Meanwhile, Sensor 2 was treated as a test case, where only its daily ET. measurements on the aerial
mission days (June 14, 23 and 30, 2021) were used to reconstruct the full daily time series via interpolation.

The accuracy of each method was accessed by comparing the interpolated values to the actual daily ET. measurements
from Sensor-2. Among the baseline methods, spline interpolation performed best with an RMSE of 0.42 mmd™,
followed by linear (0.58 mm d™*) and nearest-neighbor (0.63 mm d™*). In contrast, the proposed WPLI and FI methods
achieved substantially lower RMSEs of 0.29 mm d* and 0.24 mm d™?, respectively. The errors represent a 31% (WPLI)
and 43% (FI) improvement over spline, and more than 60% improvement over nearest-neighbor interpolation. During
this period, the actual daily ET. from Sensor-2 had a mean of 7.27 mm d™* and a standard deviation of 0.38 mm d,
highlighting the ability of the proposed methods to capture subtle, day-to-day variations with greater reliability.
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Fig. 5 Comparison between different baseline interpolation techniques (nearest-neighbor interpolation, linear
interpolation, spline interpolation) and the novel interpolation techniques (WPLI and FI) presented in this paper. The
figure also shows the daily ET. measurements of Sensor 1 (marked as ‘ref’) and Sensor 2 (marked as 'actual”) for the
first three aerial missions in June 14, 23 and 30, 2021, respectively (Marked in dashed line).
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3.2 Linear Regression (LR)

Original Image Reconstructed Difference image
Date (HRMET generated) Image {original-reconstructed)
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Fig. 6 (From left) Original (HRMET-generated) images, reconstructed images using LR?”, images showing the pixel-
wise spatial difference in reconstruction and the histogram of the spatial difference for missions 2-8.

Fig. 6 shows the reconstructed images using LR, with the original HRMET-generated ones, the spatial differences
(original — reconstructed) between the two images, and the histogram of the differences. Both original and
reconstructed images were discreetly scaled in the range of 0.2—-1.1 mm hr!, whereas the difference images were
scaled in a discreet progression in between -0.3—0.3 mm hrl. In the difference maps, when the original pixels have
higher ET, values than the reconstructed one, the respective areas are red (0—0.3 mm hr! for positive errors) and in
the opposite cases, the areas are blue (-0.3—0 mm hr! for negative errors).

For missions 2 and 3 (June 23 and June 30, 2021), LR™ had high predictive efficiency, as shown by the difference
maps that are mostly black, indicating errors in a range -0.06—0.06. The corresponding histograms of differences are
mostly centered around zero, the means were 0.002 mm hr! and 0.007 mm hr! whereas, the standard deviations were
0.04 mm hr!, and 0.03 mm hr™!, respectively.

During mission 4 (July 8, 2021), the spatial ET, values generated by HRMET were slightly higher than before, which
is reflected by an ET. of 0.3 mm hr! measured by in-field sensors (Table 3). Being the day that had the highest daily
ET. of the season, LR consequently produceed a globally higher ET, map. In this case, approximately 75% of pixels
had ET, values that are overestimated by LR compared to HRMET, with errors in a range of -0.18—0.07 mm hr!.
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In the case of mission 5 (July 14, 2021), the HRMET-generated ET, map shows a vertical band of higher ET, rates (in
between 0.8-0.9 mm hr!), whereas the bottom right corner has lower ET, rates (in between 0.5-0.6 mm hr'l. As can
be seen by the difference map, LR™ missed this spatial variability estimated by HRMET. Instead, LR* generated an
ET. map that is more spatially uniform, with ET;, values between 0.7-0.9 mm hr''. The center of the field is reasonably
approximated by LR, with 75% pixels that are black in the difference map (errors in the range of -0.06— 0.06 mm hr-

1)_

For mission 6 (July 21, 2021) and mission 7 (July 27, 2021), the HRMET-generated ET, maps exhibit differences in
value, showing the highest and lowest ET, rates of the season, respectively. However, these extremes were not clearly
reflected in the daily ET. measured by in-field Arable Mark II sensors. For instance, despite showing significantly
higher ET, rates than during the previous mission, July 21 had a daily ET. of 0.28 mm hr™, which is only 0.01 mm hr-
! higher than during July 14 (Table 3). For this reason, LR strongly underpredicted ET, for this day. On the other
hand, July 27® showed significantly lower ET, rates while LR overpredicted it, despite producing a map that has
globally lower ETj; than for previous missions.

Finally, the HRMET-generated map from mission 8 (August 5, 2021) has values that are closer to those observed
during the early period of the season (e.g.. June 23 and 30). However, the daily ET. measured by in-field sensors was
especially low (0.23 mm hr', see Table 3). Consequently, LR* produced an ET, map that underpredicted the values
of the HRMET-generated map.

3.3 Weighted Piece-wise Linear Interpolation (WPLI)

The spatial ET, maps for the missions obtained using HRMET were used to predict the daily ET, maps between the
missions with the help of WPLI. For performance evaluation, each of missions 2—7 was used for testing. To generate
spatial ET, for each of these mission dates, the previous mission and the next mission were used, along with their
corresponding ET. from Table 3. For example, missions 1 and 3 were used to generate the spatial ET; for the days in
between, which included the date for mission 2. During the time of image prediction, the algorithm did not have any
knowledge about mission 2—it considered that day as any other days. After interpolating the image for the same day
as mission 2, the predicted (reconstructed) image was compared against the original HRMET generated image.
Similarly, missions 6 and 8 were used to reconstruct the spatial ET, for mission 7 and compared against the HRMET
generated image (original) for the same day.

Fig. 7 shows the original HRMET generated images, reconstructed images using WPLI, and the spatial differences
(original — reconstructed) between the two images. The scaling in this figure and the notation of the scales are the
same as Fig. 6.
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Fig. 7 (From left Original (HRMET-generated) images. reconstructed images using WPLI, images showing the pixel-
wise spatial difference in reconstruction and the histogram of the spatial difference for missions 2—7.

Original images (Fig. 7) are specific for the date and time of the mission, whereas the reconstructed images show the
average hourly ET, map for the day. For the reconstruction of the ET, map on the same date as mission 2 (June 23,
2021). the original maps from mission 1 (June 14, 2021) and 3 (June 30, 2021) were used. In the case of mission 1,
there were a significant number of pixels (noticeable at the top right portion of the image, covering around 10% of the
total area) showed relatively lower ET, values (in between 0.3-0.4 mm hr!) compared to the rest of the field (that
falls in the range of 0.5-0.7 mm hr'). These lower ET; pixels indicate that the canopy cover in those areas were
comparatively less. with significant reflectance captured from soils, resulting in a lower ET; value from crops.
However, for mission 3, most of those pixels’ ET; increased a significant portion (raising to at least 0.5 mm hr!). But
as the reconstructed image was interpolated between the very low (in between 0.3—0.4 mm hr!) and a higher ET, value
(in between 0.5-0.6 mm hrY), for those pixels, the error (original — reconstruction) value was much higher (in the
range of 0.07-0.18 mm hr1). This explains the spike in the corresponding histogram of the error (at about 0.1 mm hr-
1in the x-axis).

The reconstructed image for mission 3 (June 30, 2021), the spatial canopy coverage looks very similar to that of
mission 2 (June 23, 2021) based on the ET, range (in between 0.4-0.7 mm hr!) and spatial variability. Therefore, the
corresponding reconstruction error was smaller (less than = 0.06 mm hr!). The smaller spike in the error histogram
(magnitude 25% less than that of mission 2 and location at about 0.01 mm hr!) was plausibly due to the similar reason
discussed above.

At mission 4 (July 8, 2021) the canopy almost completely covered the ground (reducing the visible distinction between
the brighter pixels and the darker pixels), and the original image had higher ET; values than those for all the previous
missions (in the range of 0.7-0.9 mm hr!). At the same time, the corresponding ET. measurement was higher (0.3
mm hr!) than the previous mission dates (0.25, 0.27 and 0.27 mm hr! respectively) as shown in Fig. 4 and Table 3.
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Therefore, except for the specific pixels showing high temporal variability (an increase in ET, by about 0.3 mm hrl),
the rest of the reconstruction was moderately accurate (with a mean of 0.04 mm hr! and a standard deviation of 0.03
mm hr'). The error distribution in the histogram was less than 0.1 mm hr! for the most part, with a short spike of
1 X 10* pixels located at approximately 0.075 mm hr!

At mission 5 (July 14, 2021), the original ET, map indicated higher spatial variability in a band in the top left and
mid-left section (covering around 40% of the total area on) showing relatively higher ET, (in the range of 0.6-0.7 mm
hr!) than the bottom right corner, that covers about 5% of the total area, ET, values being around 0.4 mm hrl). But
because the ET. for the day was relatively lower (0.27 mm hr! whereas that of mission 4 was 0.30 mm hr1), the
reconstruction followed that trend with the lower value. At the same time, WPLI used the data from mission 6 (July
21, 2021), which was unusually high itself (in the range of 0.9—1.0 mm hr!). Hence, the reconstruction for mission 5
date was relatively on the higher end (around 0.7-0.8 mm hr!), resulting in a negative error around the bottom right
corner (about 10% of the area that shows relatively lower ET, value (around 0.4 mm hr?!) in the original image.

This variability (at mission 5) can be accounted on the reconstructed image of mission 6 (July 21, 2021) image.
However. the spatial ET, for that day was significantly higher (around 0.9—1.0 mm hr") compared to the ET. (Fig. 4)
point measurement on that day (0.28 mm hr!). At the same time, the reconstruction image used data from mission 7
(July 27. 2021) that consists of relatively lower spatial ET, pixels than all other missions (in the range of 0.3—-0.4 mm
hr!). Which is why the reconstruction of July 21, 2021, showed comparatively lower values (around 0.6 mm hr!, with
some patches in the left side covering around 40% of the total area with ET;, values around 0.7 mm hr!). At the same
time, the lower ET, values (around 0.4-0.5 mm hr™') in the bottom right comer (about 10% of the area that shows
relatively higher reconstruction error value, around -0.18 —0.07 mm hr!) obtained from mission 5 image was reflected
on the reconstruction of mission 6. That is why, on the corresponding reconstruction difference image, the same pixels
had higher reconstruction errors (in the range of 0.19—-0.3 mm hr).

Even though the similar error was expected in the reconstruction image for mission 7 (July 27. 2021) as it uses the
high ET; data (in the range of 0.9-1.0 mm hr') from HRMET generated mission 6 (July 21, 2021) image, the
corresponding ET, for July 27, 2021, showed a relatively lower value (0.23 mm hr!). This resulted in a negative error,
in the range of -0.18—0.07 mm hr! with the top left corner (about 5% of the total area) showing bright blue spots
(reconstruction error in the range of -0.3—0.19 mm hr!). The corresponding mean error was -0.16 mm hr!, with a
standard deviation of 0.01 mm hr!. The corresponding error histogram is thus skewed left, centered at -0.18 mm hrl.
The variation is not as high as the reconstructed image of July 21, 2021.

3.4 Forward Interpolation (FI)

Similar to WPLI, the ET: (HRMET) maps on the missions were used as inputs to generate the intermediate maps with
the help of FI-co. The ET, from Table 3 was used to calculate the ratios of the previous missions. For the performance
assessment, for each of the missions between 2-8, the previous mission images have been used and compared with
the original HRMET images on the respective missions.

Fig. 8 shows the original images from HRMET, reconstructed images using FI-co, and the spatial differences
(original — reconstructed) between the two images. The scaling in this figure and the notation of the scales are
same as Figs. 6 and 7.
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Fig. 8 (From left) Original (HRMET-generated) images, reconstructed images using FI-co, images showing the pixel-
wise spatial difference in reconstruction and the histogram of the spatial difference for missions 2—8.

While HRMET is mission date/time specific, both the interpolation methods (WPLI and FI-oc) provide an hourly ET,
estimate for each day near solar noon. Nevertheless, the FI-oo reconstructed images show different values than WPLI
reconstructed images because FI-co only uses the data from the previous missions, whereas WPLI uses both a past and
a future mission. To reconstruct the image on mission 2 (June 23, 2021), FI-cc only used the data from mission 1 (June
14, 2021). Therefore, in the FI-co reconstructed image for that date, the pixels which had relatively lower ET, value
(in between 0.3—0.5 mm hr!) on mission 1 (meaning that those pixels were not covered by canopy yet) also showed
to have low ET, value (in between 0.3—0.5 mm hr!), while those pixels in the original image for that day was in the
range of 0.5-0.6 mm hr! This explains the spike in the corresponding histogram of the error (at about 0.1 mm hr! in
the x-axis). Similarly, the error histogram in case of mission 3 (June 30®, 2021) has a spike. Although for this image,
the magnitude of the spike is relatively smaller (about half of the previous magnitude for mission 2 reconstruction
error) because some of the canopy growth (and hence the relevant pixels showing a higher ET in the range of [0.5,0.6]
mm hr!) were already observed in mission 2 (June 23, 2021) image. In other word, the reconstruction image for
mission 3 could not capture the canopy full coverage based on the missions 1 and 2 image, resulting in some positive
errors (with a mean of 0.007 mm hr! and a standard deviation of 0.03 mm hr1).

Despite the higher ET. observed on July 8, 2021, in mission 4, FI-cc utilized HRMET-generated images from prior
missions with comparatively lower ET, (in the range of 0.4-0.6 mm hr!). Therefore, for those pixels, the error was
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much higher compared to the rest of the pixels (in the range of 0.07—0.18 mm hr'!, with a mean of 0.05 mm hr'and a
standard deviation of 0.04 mm hr'!). This error is also observed as a spike around 0.1 mm hr! in the histogram.

Similar to WPLI, for mission 5 reconstructed images (July 14, 2021), the spatial variability of the ET, on that day was
not captured due to a point ET. reading and lack of similar variability in the images from the previous missions (as
mentioned in the description of Fig. 7). For that reason. the comparatively higher ET, pixels in the top left section and
mid-left (covering around 40% of the total area) caused positive error in the difference image (around 15% of the total
area, error in the range of 0.07—0.18 mm hr!). Similarly, the lower ET, pixels in the bottom right comer (about 5% of
the total area) caused negative errors in the difference image (in the range of -0.18—0.07 mm hr™!). The corresponding
error was, therefore, more spread (also observed in the histogram), with a mean of 0.006 mm hr! and a standard
deviation of 0.05 mm hr’.

An interesting reconstruction is observed during mission 6 (July 21, 2021). Even though the ET. did not reflect the
high spatial ET, values (as mentioned in the description of Fig. 7), unlike WPLI, FI-ec does not use the lower ET, map
from mission 7 (July 27, 2021). Hence, the reconstruction error was smaller (mostly in the range of 0.07—-0.18 mm hr~
1 with a few bright red spots across the image indicating the corresponding error was in the range of 0.19-0.3 mm hr-
1y compared to the LR and WPLI images. However, until this date, the reconstructed image had comparatively higher
error in the top right lower ET, section (about 10% of the total area, more visible at the beginning of the season, ET;
values in the range of 0.4-0.6 mm hrl). Both mission 6 (July 21, 2021) and 7 (July 27, 2021) reconstructed images
still had some spatial variability from that of mission 5 (July 14, 2021)—the former showing it more prominently than
the latter (because of the proportional difference of the days). In case of mission 7 (July 27, 2021), despite the daily
ET. being lower (0.23 mm hr! as opposed to 0.27-0.3 mm hr'), the most importance was given on the unusually
higher spatial ET, from mission 6 (July 21, 2021). This caused an overall negative reconstruction error (in the range
of -0.18—0.07 mm hrl, with a mean of -0.11 mm hr'!, a standard deviation of 0.03 mm hr! and left skewed error
histogram (centered around -0.15 mm hr'!).

Finally, during the last mission (August 5, 2021), the previous two images used in the reconstruction showed higher
and lower ET; values compared to all other HRMET-generated images. But as the daily ET. and spatial ET, ratio were
proportionate with most of the missions in the season, the reconstruction had very low errors (in the range of £0.05
mm hrl). Most of the errors for this date were due to the lower ET, values near the top left section (about 5% of the
total area) of the ET, map on this date.

3.5 Performance Evaluation

Table 5 evaluates the performance of the three different techniques used in this paper (LR, WPLLI, FI) using four model
efficiency metrics (NSE, MAE, RMSE, KGE) and shows their average performance for the mission dates (missions-
specific efficiency are provided in Online Resource 3). The table quantifies the reconstruction errors, as shown in
column 3 of Figs. 6, 7 and 8, with the help of these error metrics. The performance of LR*" was comparable to WPLI
and FI to predict in-between days (in terms of MAE, RMSE and KGE scores). The results also show that LR was
less efficient to predict future ET, maps based on previous observations. This is most likely due to the lack of sufficient
temporal data points per pixel and existence of non-linear parameters responsible for plant growth (Paine et al., 2012).
As LR tried to fit a line through very few data points, it was strongly sensible to noise or random variations. WPLI
showed better NSE and KGE scores than LR as instead of fitting a line through all data points, WPLI used a piecewise
linear model, therefore it captured the temporal variability more efficiently. resulting in a lower error variance.
However, WPLI only used one past mission, whereas FI used all available past missions, leading to obtaining the best
scores for all four metrics.

Table 5 Average efficiency of LR, LR"!, WPLL FI with four different error metrics (NSE. MAE, RMSE. KGE) for
the growing season of 2021 (June— August). Pixel-wise errors were first calculated for each aerial mission, then
averaged across the field, and finally averaged across all test days. MAE and RMSE are reported in units of mm hr'!.

Evaluation Metric LR™ LR"! WPLI FI
NSE -6.88 -6.084 0.57 0.694
MAE 0.077 0.159 0.078 0.06
RMSE 0.084 0.177 0.087 0.07
KGE 0.503 -0.104 0.855 0.894

21


https://0.18�-0.07
https://0.07�0.18
https://0.18�-0.07
https://0.07�0.18
https://0.07�0.18

Here to be noted that RMSE and MAE values reported in Table 5 were calculated on a pixel-by-pixel basis for each
aerial mission day. with the missions-specific values provided in Online Resource 3. Specifically, for each pixel, the
difference between interpolated ET, and actual HRMET-generated ET, values for that date. These pixel-level errors
were then averaged across the entire map to obtain a single MAE and RMSE value for that mission. Finally, the
summary values reported in Table 5 are the averages of these map-level errors across all aerial missions in the 2021
growing season.

To provide a clearer interpretation of the interpolation errors, we also computed normalized RMSE (nRMSE) and
normalized MAE (nMAE) by dividing each metric by the corresponding actual ET, value for each aerial mission
date, then averaging across all valid dates. For the FI method, the nRMSE and nMAE were 9.36% and 8.21%,
respectively. For WPLIL, the nRMSE and nMAE were 12.10% and 11.05%, respectively. These values complement
the absolute error metrics in Table 5 by offering a relative assessment of model performance across the growing
season, which is particularly helpful given the variability of ET, magnitudes across dates and locations.

Table 6 compares the efficiency of the three different types of forward interpolation (FI-1, FI-2, FI-o0) with the help
of the four error metrics and shows their average performance for the mission dates. Results show that FI-2 obtained
the best NSE score, FI-oc obtained the best MAE and KGE scores. Best RMSE score was combinedly achieved by
both FI-2 as well as FI-oo.

Table 6 Average efficiency of 3 different types of forward interpolation (FI-1, FI-2, FI-c0) with different error metrics
(NSE, MAE, RMSE, KGE) for the growing season of 2021 (June— August). Pixel-wise errors were first calculated for
each aerial mission, then averaged across the field, and finally averaged across all test days. MAE and RMSE are
reported in units of mm hr!.

Evaluation Mefric FI-1 FI-2 Fl-=
NSE 0.611 0.723 0.694
MAE 0.073 0.061 0.06
RMSE 0.08 0.07 0.07
KGE 0.86 0.889 0.894

4 Discussions

4.1 Spatiotemporal ET, estimation approach:

This study introduces two piecewise linear interpolation methods (WPLI and FI) for estimating daily ET, on a high-
resolution spatial scale in agricultural fields. The process involves combining daily infield biophysical measurements
with model-based spatial ET, estimation, collected on different days through aerial missions. In this regard, two
variations of LR are used to model the relationship between daily ET. and the corresponding ET, for each pixel,
assuming a linear relationship. Despite previous research endeavors into spatiotemporal estimation of plant
evapotranspiration (Cammalleri et al., 2013; Semmens et al., 2016; Yang et al., 2017), the approach presented in this
study may offer some significant advancements. Previous studies have used techniques like linear interpolation
(Mokhtari et al., 2021), spline interpolation and smoothing filters (Cammalleri et al., 2013) for the temporal gap-filling
and approximation. While these approaches have worked well for function generalization, they may not be capturing
the day-to-day temporal variability. In this study, the day-to-day temporal variability was particularly emphasized and
has been modeled exactly as it is (with a piecewise linear representation assuming no error in the sensors) in contrast
to a temporal linear or polynomial progression. Therefore, this innovative technique effectively captures the actual
temporal variability, with an RMSE range of 0.02-0.16 mm hr! for the test days (detailed efficiency are provided in
Online Resource 3).

Data-driven methods like LR, WPLI and FI are independent of the image size and resolution — hence can be applied
to very high-resolution spatial images. They also work very fast (with only polynomial time complexity) and are
deterministic in nature (for a specific set of input values, the corresponding output always converges to the same
number). These methods, being empirical, are also interpretable and easy-to-implement. Moreover, these
spatiotemporal estimators can be implemented with any high-resolution spatial generation ET, models such as, OSEB
(Su, 2002), TSEB (Norman et al., 1995), DTD (Hoffmann et al., 2016), DATTUTDUT (Timmermans et al., 2015),
SEBAL (Xia et al., 2016) instead of HRMET (Zipper & Loheide, 2014). Thus, the data-driven method presented in
this study offers flexibility of selection of spatial generation models.
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Additionally. the use of infield sensors as inputs made the fusion approach used in this study both site and crop specific.
The sensors capture crop phenology through biophysical measurements being in the same location as the crops.
Finally, much of the existing research has focused on gap-filling between two past dates, while this work developed
approaches for predicting the spatial ET, for a future date. One of the spatiotemporal estimators presented in this study.
the FI method, has the ability to predict daily spatial ET, for a future date in combination with an external daily ET.
predictor.

Although the final ET, estimates are reported as average hourly estimates per day, they are retained at a 5 m spatial
resolution, matching the output resolution of the HRMET model and enabling detailed field-scale analysis. This high
spatial granularity is essential for capturing within-field variability in crop water use, which would otherwise be lost
in coarser-resolution products. Maintaining such spatial detail is especially beneficial for precision irrigation, as it
supports zone-specific water management decisions, particularly in fields with heterogeneous soil or canopy
conditions. Recent studies (Ebert et al., 2022; Gao et al., 2023; Bambach et al., 2024) also emphasize the utility of
very high-resolution ET data for monitoring crop water demand and optimizing irrigation. Furthermore, the
interpolation framework developed in this study is resolution-agnostic and can flexibly accommodate input from any
high-resolution ET, model, not just HRMET. Thus, although the temporal resolution is limited to daily aggregates due
to sensor constraints, the spatial richness of the ET, estimates remains fully leveraged in both analysis and practical
application.

4.2 Importance of ET, prediction in precision irrigation management:

Accurate ET; estimation is crucial for irrigation scheduling, ensuring that crops receive adequate water without
excessive irrigation, which can lead to water wastage and environmental degradation (Ghiat et al., 2021; Zhang et
al., 2024). In this study, the presented spatiotemporal estimation techniques (LR, WPLI and FI) can accurately
estimate ET, under favorable conditions (where both on-the-ground sensor measurements and the aerial imagery
show similar values), aiding farmers in effective irrigation scheduling. However, the results also highlight challenges
in capturing spatial variability in ET, in some cases. For example, in mission 3, the predictors fail to capture the
vertical band of higher ET, rates observed in the HRMET-generated map, resulting in a more spatially uniform ET,
map. This limitation can have implications for precision irrigation management, as accurate knowledge of spatial
variability in ET, is essential for targeted water application to areas with higher water demand (Niu et al., 2020).

4.3 Limitations and future work:

The three approaches for temporal ET, prediction in this study (LR, WPLI, and FI) either directly (LR) or indirectly
(WPLI and FI) use the daily sensor calculated ET. to approximate the spatial ET,. LR maps a linear relationship
between the ET. and the spatial ET, individually for each pixel. Whereas WPLI and FI extract a piecewise linear time-
series trend from the daily ET. and use that trend to temporally gap-fill for each pixel between two mission dates.
Both the approaches require a high correlation between the spatial ET, and the ET.. However, from Table 4, the
Pearson correlation between mean spatial ET, for each mission and the corresponding ET. is 0.764, which falls in the
‘highly correlated’ region (Calkins, 2005). In addition, HRMET provides an hourly estimate of spatial ET; specific to
the mission date and time. Most of the HRMET-generated values range between 0.46-1.03 mm hr™! with a median of
0.75 mm hr! whereas, the hourly sensor calculated ET,. values range between 0.1-0.9 mm hr! with a median of 0.2
mm hr! (the average daily trend shown in Fig. 4). Hence, the data obtained from two different sources (HRMET-
generated and infield sensors calculated) follow different probability distributions. Especially, for some dates, such as
mission 6 date (July 21, 2021). the range of spatial ET, values and the corresponding ET. show very different values,
as described in the results section. This difference in the data obtained from different sources limits the accuracy of
the statistical ET, estimators.

However, solar radiation also had a strong effect on the ET, predictions. During the mission of July 27, 2021, the solar
radiation measured by CIMIS sensors showed an abrupt increase from a relatively low value (451 Wm™ at 11 am) to
a higher value (815 Wm2 at 12 pm), respectively, while the mission was at 11:25 am. For comparison, solar radiation
was typically around 800900 Wm2 in the case of other missions. For instance, solar radiation ranged from 889-959
Wm™ on July 14 between 11 am and 1 pm. while the mission was at 12:15 pm. Since HRMET outputs highly depend
on solar radiation (Zipper & Loheide, 2014), it is likely that the generated ET, map has consequently lower rates for
this period of the day on July 27, 2021. As the spatiotemporal estimators used the spatial ET, and sensor ET. on July
27, 2021, to reconstruct the map of other missions, the reconstructions were affected by this unusually low solar
radiation. This abrupt change in solar radiation may have been due to temporary cloud cover, which highlights a
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broader limitation of the interpolation approach: on cloudy or overcast days, the underlying assumption of smooth
temporal transitions may break down, making the interpolation less meaningful unless such atmospheric disturbances
are explicitly accounted for.

For prediction purposes, the daily ET. (converted to mm hr'!) was used from the sensors, but the HRMET-generated
ET. maps only represent a specific hour of the day (close to the solar noon flight time). This limitation can be addressed
by collecting more data during different hours of the day and from different fields of the same crop type, allowing the
regression algorithm to more effectively generalize to different data collection protocols. In addition, a multi-input
nonlinear model can be explored for mapping the relationship between spatial ET, and meteorological parameters
such as solar radiation. With proper formulation, the model would be able to detect any sudden data fluctuation (for
example, cloud coverage on a particular location in the field) and adjust the corresponding ET, values accordingly.

In this work, an important assumption was that the ET. maintains a linear relation with the spatial ET5, and the changes
in the ET, values are piecewise linear with time. These data were based upon one agricultural field and specific crop
type. However, the algorithms can be further explored for other crops and in other agro-ecological regions. The
investigation conducted in this study show that weather parameters like solar radiation strongly affects the HRMET-
generated maps, that can be further investigated (Ahmadi et al., 2022; Andresen & Pollyea, 2012). Other publicly
available open resources (e.g., satellite imagery data from Sentinel 2, Landsat 8 and PlanetScope satellites) can be
included to establish the model. Due to the variability of these parameters—often presented as time series—there is
opportunity to explore the fields of sequential decision-making and modular learning.

Additionally. the use of nearest-neighbor interpolation for resizing reflectance images (Table 2), although chosen to
preserve raw pixel values, may lead to spatial misalignments or artifacts, particularly along field boundaries or in
regions with sharp reflectance gradients. Future work can evaluate alternative resampling methods such as bilinear or
spline interpolation, quantifying their effect on ET, prediction accuracy to enhance spatial robustness.

The temporal inconsistency between daily and hourly values poses a limitation in our analysis, as the hourly ET,
measurements do not fully reflect the diurnal variation in evapotranspiration. particularly the midday peak. While the
daily ET, can be approximated from the mean of hourly estimates, this simplification may lead to some inaccuracies
in capturing peak ET, values. Future studies will seek to integrate spatial ET, sources that provide complete daily
totals, which would address this issue and offer more accurate diurnal representations.

5 Conclusion

Due to the high-water demand and electricity usage, optimization of irrigation is one of the biggest challenges faced
by the farmers and producers in the drought-prone areas. Various precision irrigation technology such as remote
sensing, aerial imaging, on-the-ground monitoring, and control can help fight this water scarcity with efficient
irrigation planning.

In this regard. this paper presents three different procedures (LR/WPLLI/FI) to determine the daily field-scale
evapotranspiration (ET;) in a field on a spatial scale combining daily biophysical measurements and spatial ET; data
on a different day. The pipeline for the daily spatial ET, generation process involves collecting aerial imagery
(reflectance and thermal) on certain dates, resizing the images (pixel size enhanced), using HRMET to obtain spatial
ET, for those dates with the help of meteorological data from the nearest weather station, soil and canopy emissivity
and albedo. These HRMET-generated ET, maps are then used as an input for the approximation algorithms, along
with the target date range and the daily ET. obtained from Arable sensors, both on the missions and the target dates.
The output of the pipeline is the daily ET, maps for the field. Results show that the three specific variations of
spatiotemporal estimation techniques (ZLR®, WPLL FI-»0) are able to create daily ET, maps for the whole season within
an error range of 0.02-0.16 mm hr™! for MAE and 0.02-0.16 mm hr™! for RMSE.

The performance of the three approaches (LR/WPLI/FI), along with their variations, was evaluated using four
efficiency metrics calculated using the reconstructed images and the original HRMET images from the respective
missions. Results show that in between the two interpolation techniques, WPLI is useful for filling in the gaps between
two dates. However, FI can create an ET, map for a future date based on the past images and the ET. value for that
day. Nonetheless, even on some days when some of the readings show more deviated values than usual (July 21 and
July 27), the FI can create the ET, maps for those days within an RMSE range of 0.11-0.12 mm hrl.
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While the model output is a single daily average ET, value per pixel, this study offers a rare combination of consistent
daily estimates at very high spatial resolution (5 m)—a scale often constrained by the limited frequency of aerial
missions. Compared to monthly ET products or those derived only from sparse aerial imagery, our method provides a
more regular temporal resolution that aligns with field-level irrigation needs. This framework can enhance the
understanding of how meteorological and plant health parameters influence ET,, enable data-driven methods for
identifying the important features that affect the ET, on a plant scale, and inform practitioners of irrigation
optimization techniques based on the day-ahead to week-ahead predictions of spatial ET.
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