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ABSTRACT

OPTIMIZING REMOTE SENSING DATA FOR ACTUAL CROP EVAPOTRANSPIRATION
MAPPING AT DIFFERENT RESOLUTIONS

This study aimed to advance irrigation water management by developing and evaluating a pro-
cedure to improve the multispectral data from sub-optimal remote sensing sensors when using the
optimal spectral resolution for a given remote sensing (RS) of crop actual evapotranspiration (ETa)
algorithm. Data have been collected at three research sites in Colorado under different irrigation
systems, soil textures, and vegetation types. The research site in Greeley (CO) has a five-year
dataset (2017-2018 and 2020-2022). The fields in Fort Collins and Rocky Ford (CO) have data
from 2020 and 2021.

Three categories of ETa algorithms were evaluated in the study: The reflectance-based crop
coefficient (RBCC) with three different models based on the normalized difference vegetation in-
dex (NDVI), soil-adjusted vegetation index (SAVI), and fractional vegetation canopy cover ( f.), the
one-source simplified surface energy balance (OSEB) based on a surface aerodynamic temperature
approach, and the two-source surface energy balance algorithm (TSEB) using two different resis-
tance approaches (parallel and series). All three ETa modeling categories use either just surface
reflectance in the visible and invisible light spectrum (e.g., RED, BLUE, GREEN, Near-infrared)
or a combination of multispectral and thermal data as inputs to predict crop ETa, alongside local
micrometeorological data from nearby agricultural weather stations. A total of six RS of ETa al-
gorithms were evaluated in this study. A total of five RS sensors were evaluated: three spaceborne
sensors (e.g., Landsat-8, Sentinel-2, and Planet CubeSat), one proximal device (multispectral ra-

diometer), and an uncrewed aerial vehicle (UAS). The spatial resolution of the RS sensors varied
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from 30 m to 0.03 m.

The accuracy assessment of the crop ETa predictions considered a statistical performance anal-
ysis using, among several statistical metrics, the mean bias error (MBE) and root mean square
error (RMSE), and compared estimated ETa values from all seven RS ETa algorithms with ob-
served ETa values obtained from the Eddy Covariance Energy Balance System (Greeley and Fort
Collins sites) and a weighing lysimeter (Rocky Ford). The study was divided into three stages: a)
the evaluation of different remote sensing (RS) pixel spatial resolutions (scales) as inputs on the
estimation of different types of data needed for estimating ETa in hourly and daily time frames;
b) the development of a calibration protocol and standards for the use of different imagery spatial
resolutions (scales) in RS of ETa algorithms. The calibration approach involved a novel two-source
pixel decomposition approach for partitioning surface reflectance into soil and vegetation using a
non-linear, physically based spectral model, machine-learning regression, and a novel spatial light
extinction model (k,); c) the accuracy evaluation of resulting ETa rates from calibrated/standard-

ized data (for each selected RS of ETa algorithms).

Results of stage one of the study indicated that depending on the RS of ETa and RS sensor
data (spatial and spectral resolutions), the accuracy (MBE 4+ RMSE) of estimated ETa predictions
varied. For the NDVI and f. RBCC ETa algorithms, Sentinel-2 provided the best RS data for
predicting daily maize ETa. Errors were 0.21 (5%) + 0.78 (18%) mm/d and 0.59 (14%) + 1.07
(25%) mm/d, respectively. For the OSEB algorithm, Planet CubeSat gave the best RS data since it
provided the smallest error for hourly maize ETa, -0.02 (-3%) £ 0.07 (13%) mm/h. For the SAVI
RBCC model, the MSR data provided the best results since the maize ETa error was -0.13 (-3%)
+ 0.67 (16%) mm/d. For the TSEB in series and parallel, the errors when estimating hourly maize
ETa were -0.02 (-3%) £ 0.07 (11%) mm/h and -0.02 (-4%) =+ 0.09 (14%) mm/h, respectively when

using MSR data.
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For stage two of the study, the best machine learning regression model for a given RS sensor
data and RS of the ETa algorithm depended on the surface reflectance composite (plant or bare
soil values). The best machine-learning models for adjusting RS data were the regression tree and
the Gaussian Process Regression. Regarding the pixel decomposition approach based on the novel
spatial light extinction coefficient model, the novel approach provided reliable predictions of &,
using the different RS sensor data. The error in predicting k, was -0.01 (-2%) £ 0.05 (10%) when

combining all RS sensor data for the two-year data set at LIRF (years 2018 and 2022).

For stage three of the study, results showed improvements in the accuracy of crop ETa esti-
mation after adjusting the RS data using the proposed calibration protocol. At the Greeley site,
regarding the RBCC RS of ETa algorithm, adjusted data from Planet CubeSat had better perfor-
mance when estimating daily crop ETa since the error was reduced from 21% to 16% for the
f.-input model. For the SAVI-input model, the RS data that performed better was the UAS. Er-
rors were reduced from -0.42 (-11%) £ 0.76 (20%) mm/d to -0.21 (-5%) 4+ 0.41 (11%) mm/d.
For the NDVI-input model, the adjusted UAS data performed better when estimating daily maize
ETa. The improved accuracy was 0.32 (8%) % 0.40 (10%) mm/d. At the Rocky Ford site, for the
f.-input model, adjusted RS optical data from the MSR performed better. Daily maize ETa error
was reduced from 17% to 15%. For the SAVI-input model, the RS data that performed better was
the Landsat-8, with errors being reduced from -1.84 (-28%) + 2.61 (39%) mm/d to -1.14 (-17%)
+ 1.79 (27%) mm/d. The NDVI-based RBCC model had better performance when using adjusted

MSR data daily maize ETa.

Regarding the OSEB RS of crop ETa approach, at the Greeley site, the OSEB-adjusted data
from UAS performed better. Hourly maize ETa error was reduced from 0.11 (19%) mm/h to 0.07
(13%) mm/h for the OSEB algorithm. For the TSEB parallel algorithm, the RS data that had better
performance was the Landsat-8/9 since the error was reduced from 0.19 (34%) mm/h to 0.11 (20%)

mm/h. For the TSEB series algorithm, the adjusted UAS data performed better. Daily maize ETa
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errors decreased from 0.10 (18%) mm/h to 0.05 (9%) mm/h.

In summary, this study provided an RS calibration approach to support irrigation water man-
agement through the development and evaluation of a method for enhancing optical multispectral
data sourced from various RS sensors. This study also highlighted the efficacy of machine learning
models, like regression tree and Gaussian Process Regression, in adjusting RS data based on sur-
face reflectance composites. Furthermore, a novel pixel decomposition approach utilizing a spatial
light extinction model effectively predicted the light extinction coefficient. Overall, this research
showcases the potential of RS data adjustments in improving the accuracy of ETa estimates, which

is crucial for optimizing irrigation practices in agricultural settings.
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Chapter 1

Introduction

1.1 Climate Change and Agricultural Water Management

The growing threat of climate change, together with expected global population growth in the
next 30 years, has created significant concerns about the future of water resources across low to
high-income nations (Vermeulen et al., 2012; Wiebe et al., 2019). A Food and Agriculture Or-
ganization of the United Nations (FAO) report by Alexandratos et al. (2006), later revised by
Alexandratos and Bruinsma (2012), estimated that the global population would be greater than
9 billion people by 2050. An expansion in agricultural production by 60-70% (compared to the
total output in 2006) will be required to meet the future global population demands. With climate
change rising global temperatures and altering hydrological cycle patterns, seasonal and severe
weather will become regular events worldwide. In the context of semi-arid and arid regions, ex-
treme and prolonged drought seasons will have the potential to escalate yield loss due to heatwaves,
soil nutrients degradation, and water access disputes (Quiring and Papakryiakou, 2003; MacDon-

ald, 2007; Foley et al., 2011; Godfray et al., 2011; Wang et al., 2014).

Agriculture is the leading water user in the world, withdrawing approximately 70-75% of the
freshwater available (Wallace, 2000; Dubois, 2011; Wada et al., 2013) and occupying 12% of the
habitable land on the planet, according to the latest FAO land use database (FAO land use, 2019).
Rainfed and Irrigated fields are the basis for cropland water use worldwide. Irrigated fields have
occupied 18% of the earth’s cultivable cropland area while being responsible for about 40% of the
global food production (Cai and Rosegrant, 1999; Fereres and Connor, 2004; Siebert and Doll,
2010; Grassini et al., 2011). It is estimated that, by 2050, the global atmosphere will be warmer

by 2 to 5 °C'. The projected rise in temperature has the potential to increase crop water use under



warmer and drier weather conditions (Peterson et al., 1990; Bruinsma, 2009; Troy et al., 2015).
The current trends in worldwide water scarcity have added more attention to the international
community toward a sustainable approach to cropland production (Brauman et al., 2013; Li et al.,

2020).

In the United States of America (USA), climate change and accelerated urban and industrial
development can negatively impact the yield and revenue of primary commodities, including row
crops such as maize, soybeans, pinto beans, and sorghum. A 2017 report from the United States
Department of Agriculture — Agricultural Statistical Service (USDA-NASS) indicated that most
whole grains are cultivated in the Midwestern USA and neighboring states (e.g., Kansas, Iowa,
Nebraska, Colorado, Wyoming, and Texas). Chung et al. (2014) indicated that a 29% loss in
maize yield in the USA would be related to extreme drought events in the next thirty-five years.
A reduction in precipitation events in the USA will add more constraints to the water resources
available for the agriculture industry during the 21°¢ century (Tubiello et al., 2002; Mote et al.,

2005; Lute et al., 2015; Gergel et al., 2017; Marshall et al., 2019).

According to Locascio (2005), 81% of the USA’s water use is due to irrigation for farms and
landscape facilities, of which 63% of the water supply comes from surface water bodies, and 37%
is provided by groundwater extraction. Due to climate variability and food demands, the need to
augment irrigation water application has led to a water shortage due to groundwater depletion and
streamflow reduction. At the same time, ramping up water allocation costs makes it difficult to
improve agricultural water management in the USA and other parts of the globe (Postel, 2003;
Perry et al., 2009; Rockstrom et al., 2012; Momeni et al., 2019). On the environmental side, the
overexploitation of water for irrigation has been causing severe damage to groundwater and water-
shed basins across the USA, which requires action to mitigate the destructive impact of poor water

management practices in an agricultural setting (Scanlon et al., 2012; Kustu et al., 2010; Condon



and Maxwell, 2019; Cotterman et al., 2018).

MacDonald and Girvetz (2013) indicated that while the rates of irrigation water application will
rise due to climate change in the USA, one way to improve and make agriculture more sustainable
is by reducing water losses and supplying the crop water demands based on actual field conditions.
Jones (2004) highlighted improving irrigation through enhanced systems or devices that allow for a
more controlled water application in the crop root zone that minimizes water losses and increases
efficiency (e.g., precision agriculture). Pierce and Nowak (1999) defined precision agriculture
as implementing techniques to improve irrigation water management on a spatial-temporal basis.
Thus, it is critical to determine the optimal time and amounts to apply water in the root zone to
sustain or improve crop yield while conserving soil and water resources. Furthermore, knowing
the timely water requirements across the crop growth stages is necessary to determine the timing

and amount of water application.

1.2 Irrigation Water Management: The Role of Crop Evapo-

transpiration

Irrigation water management practices are often based on the soil water balance approach
(SWB) for irrigation scheduling (Allen et al., 1998; Wery, 2005; Chavez, 2015; Wu et al., 2017;
Costa-Filho et al., 2020). It considers the water entering and leaving the crop root zone to monitor
the changes in soil water content over time (Hoffman et al., 2007). A simplified daily SWB budget

(Allen et al., 1998) is given by Eq. 1.1 as follows:

Dr,i - D'r‘,i—l - (P - RO)l - ]1 - CRZ + ETaﬂ; —I— D]DZ (11)

D, ; is the water depleted in the root zone at the end of day ith, D, ;_; is soil water content at

the previous day (i — 1)””; P; is the rainfall water depth; RO, is the surface water runoff; [; is



the net irrigation water depth; C'R; is the capillary rise from the groundwater storage; E'7,, ; is the
actual crop evapotranspiration; D F; is the deep percolation (water loss to deeper soil layers). All

variables in Eq. 1.1 are given as water depth units (e.g., mm or in, for instance).

In Eq. 1.1, actual crop evapotranspiration (henceforth, ETa) is a critical term for irrigation
scheduling since it provides information on the field water losses due to plant transpiration and
soil water evaporation. Brutsaert (1982) defines ETa as the rate of water exchanged to the atmo-
sphere by vegetation and shallow soil layers. ETa is a relevant component of the hydrologic cycle
since its physical process involves exchanging heat, carbon, and vapor between the plant-soil-
atmosphere continuum (Chen et al., 2014; Amatya et al., 2016). At the farm scale, determining
accurate ETa rates is essential to improve crop water management and irrigation scheduling and
support decision-making approaches for water allocation and optimization of irrigation water man-

agement (Gowda et al., 2007; Anderson and French, 2019).

The soil-plant-atmosphere continuum is a complex structure that accounts for different inter-
mittent physical processes that are interconnected and involve but not limited to, environmental
biophysics, plant physiology, micrometeorology, physical hydrology, and environmental fluid dy-
namics (Hopkins, 2009; Arya, 2001; Foken and Napo, 2008; Campbell and Norman, 2012; Patton
and Finnigan, 2012; Dingman, 2015). Hence, obtaining ETa data for crop water management
demands adequate measuring techniques or modeling approaches that incorporate most physical

mechanisms that derive plant transpiration and soil water evaporation.

1.3 Measuring Crop Evapotranspiration: Advantages and Lim-

itations

Measurement techniques have become a straightforward surrogate for determining on-site ETa

rates when instrumentation and technical expertise are available for data collection. The most up-



to-date and commendable methods available for directly or indirectly measuring ETa are based on
soil mass balance through high precision monolithic weighing lysimeters (Guitjens, 1982; Howell
etal., 1991; Yang and Shipping, 2000; Jia et al., 2006; Denich and Bradford, 2010; Lépez-Urrea et
al., 2012), above canopy turbulence measurements from a high frequency eddy covariance (hence-
forth, EC) or optical large aperture scintillometer (LAS) systems (Snyder et al., 1999; Meijninger
et al., 2000; Hemakumara et al., 2003; Guo et al., 2004; Sun et al., 2008; Ezzahar et al., 2009;
Mkhwanazi et al., 2012; Anapalli et al., 2018; Anapalli et al., 2020), SWB measurements using
soil water content sensors (Sass and Horgan, 2006; Shuttleworth, 2008; Sharma et al., 2017; Huang
et al., 2021), plant transpiration through sap flow devices (Soegaard and Boegh, 1995; Wilson et
al., 2001; Williams et al., 2004; Gong et al., 2007; Zhang et al., 2014; Saitta et al., 2020), and
other methods that rely on weather data at different heights above the vegetation such as the aero-
dynamic profile tower (APT) and Bowen ratio (BR) approaches (Bowen, 1926; Spittlehouse and
Black, 1980; Pieri and Fuchs, 1990; Malek et al., 1993; Prueger et al., 1997; Zhang et al., 2007;

Qian et al., 2009; de Pinho Sousa et al., 2021).

Although ETa measurements have become reliable for providing measured data from differ-
ent methods, the temporal and spatial variability in crop water demands at the farm and irrigation
district scale makes measuring spatially distributed ETa across cropland fields unrealistic. Soil
water content and sap flow sensors provide localized data, which might also prove challenging
in obtaining a large spatially measured ETa sample domain for agricultural crop fields due to the
need for several sampling locations. Furthermore, techniques such as the EC system, LAS, BR,
and APT are representative of their respective 2D heat flux source area or footprint (e.g., an up-
wind area from which most of the measurements are observed by the instruments) approaches have
limitations regarding the local inherent assumptions of surface homogeneity, stationary turbulent
conditions, and non-advective conditions (Arya, 2001; Foken and Napo, 2008; Burba, 2013). Thus,
these flux-based methods are often used in research studies, where farm management practices are

strictly controlled and pre-determined to calibrate or validate ETa modeling approaches (Zhou et



al., 2014; Song et al., 2016; Kustas et al., 2019).

Several papers have compared the accuracy of different measuring ETa techniques that are as-
sociated with soil mass balance (e.g., lysimeters) and scalar flux calculation (e.g., EC, LAS, BR,
and APT). Typical uncertainty in daily ETa from up-to-date calibrated monolith weighing lysime-
ters ranges from 0.50% to 2% (Howell et al., 1995; Brown et al., 2021). The next best measurement
technique that compares well to lysimeter ETa data is the EC system. The typical uncertainty as-
sociated with measurements of ETa (regarding latent heat flux) from an EC unit ranges from 5%

to 20% (Weaver, 1990; Hollinger and Richardson, 2005; Mauder et al., 2013).

Studies comparing EC system and lysimeter daily ETa data have indicated a slight underesti-
mation (e.g., 2% - 10%) for grass, maize, cotton, wheat, and vineyards fields in different climate
conditions (semi-arid to humid climate) when the lack of surface energy balance closure of the
EC fluxes is adjusted (e.g., Chéavez et al., 2009a; Ding et al., 2010; Sanchez et al., 2019; Moor-
head et al., 2019). The LAS optical approach for indirectly determining latent heat flux and ETa
has an overall measurement uncertainty (associated with sensible heat flux) ranging from 10% to
20% (Meijninger and de Bruin., 2000; Kleissl et al., 2008; Solignac et al., 2009). Profile tower
techniques (e.g., BR or APT) have more considerable uncertainty when compared to other EC and
LAS systems, with typical measurement errors for latent heat flux (or ETa) from 9% up to 40% for

daytime data (Sinclair et al., 1975; Halliwell and Rouse, 1989; Perez et al., 1999).

1.4 Modeling Crop Evapotranspiration: Empirical and Physi-
cally Based Approaches
Mathematical modeling has become a complementary tool for obtaining evapotranspiration

estimates for irrigation scheduling as an alternative to overcome the logistics of spatially measur-

ing ETa. The advancements in the fields of micrometeorology and environmental fluid mechanics



have allowed scientists to investigate the turbulence phenomena of a given passive scalar entity
(e.g., temperature, water vapor, for instance) through computational fluid dynamics (CFD) and nu-
merical modeling for more than a century (e.g., Prandtl, 1925; Batchelor, 1949; Daly and Harlow,
1970; Lumley, 1979; Finnigan, 1985; Rogers et al., 1989; Wilson, 1989; Siqueira and Katul, 2002;
Cava et al., 2006; Finnigan, 2010; Watanabe et al., 2021).

A passive scalar is an entity present in a fluid flow without interfering with the motion (Warhaft,
2000). However, the use of CFD and numerical modeling has been preferred for research exper-
iments designed to understand turbulence when data collection is not feasible (Katul et al., 2004;
Younis et al., 2005; Liu et al., 2021), which is a limiting factor for daily irrigation water man-
agement applications. The three-dimensional characteristic of turbulent flows adds complexity to
the models based on the turbulent scalar flux budget equation and turbulence closure approaches
(Pope, 2001). Thus, practical techniques for estimating ETa created conditions for improving ir-
rigation water management by developing empirical, semi-empirical, and physically-based ETa

models.

At about the same time, CFD and turbulence modeling were being studied as empirical for-
mulations based on weather variables (e.g., air temperature, relative humidity, wind speed, solar
radiation), geographical location, and reference evaporation from a controlled water body (e.g.,
pan evaporation). These initial advancements were developed by local calibration for different
crops (Thornthwaite, 1948; Blaney and Criddle, 1962; Christiansen, 1968; Hargreaves, 1975).
These purely empirical modeling approaches had several assumptions that did not embrace the
natural complexity of water vapor transfer in the soil-plant-atmosphere continuum. Such methods
might prove challenging to be relevant for daily irrigation water management when changes in
local weather conditions throughout the day are concurrent with water vapor exchange in the soil-
plant-atmosphere continuum since these empirical ETa models rely on mean values of daily air

temperature. Nevertheless, studies have been conducted to assess the validity of simple modeling



schemes when quality data or instrumentation are limiting factors in determining evapotranspira-
tion rates. Some recent studies have reported estimated ETa errors ranging from 20% to 40% for
vegetated surfaces such as grass and alfalfa for Blaney and Criddle (1962) and Thornthwaite (1948)
improved and calibrated models considering monthly timesteps (Trajkovic et al., 2019; Aschonitis

et al., 2021) and daily (Hafeez et al., 2020a; Hafeez et al., 2020b).

A more robust approach to determine daily and hourly crop evapotranspiration was proposed by
Monteith (1965), based on Penman (1948), and often referred to as the "1965 Penman-Monteith"
equation (PM-65). The PM-65 approach is a physically-based model that involves the concept
of the surface energy balance (SEB) coupled with the aerodynamic effects of heat and water va-
por transfer favored by the interactions between the wind and the surface (Federer, 1975; Jensen
et al., 1990). The initial formulation from Penman (1948) aimed to determine evaporation from
water bodies, while Monteith (1965) modified Penman (1948) model to expand its application to
vegetated surfaces by introducing surface and aerodynamic resistance terms. Errors in crop evapo-
transpiration using the PM-65 equation ranged from 10% to 20% compared to respective measured
data from the BR method or weighing monolithic lysimeters over short grass and wheat, olive or-
chards, and maize fields under subtropical, Mediterranean, humid continental climate conditions

(Van Zyl and De Jager, 1987; Margonis et al., 2018).

The challenge to applying the PM-65 equation for different vegetated surfaces is the parametriza-
tion of the surface resistance (Alves and Pereira, 2000). Some research attempted to determine
more sophisticated yet empirically based approaches for estimating the surface resistance based on
modifications of the PM-65 equation (Katerji and Perrier, 1983; Pereira et al., 1996; Allen et al.,
1998; Todorovic, 1999; Li et al., 2009). Alves and Pereira (2000) argued that a simple but effec-
tive approach to modeling surface resistance would use environmental data such as solar radiation,

vapor pressure deficit, and temperature to predict surface resistance through an empirical model,



as presented by Jarvis (1976).

The limited transferability of the empirical models for surface resistance regarding different
vegetation types under other climate conditions imposes a barrier to applying the PM-65 world-
wide. Simpler versions of the PM-65 equation were developed to avoid parameterizing the surface
resistance. A famous reformulation of Penman (1948) and Monteith (1965) work is the Priestley-
Taylor Formula (Priestley and Taylor, 1972), in which ETa is still related to the SEB concept but
with the introduction of a parameter « to simplify the calculations. The range of published values
for o varies from 1.15 to 1.50, with 1.26 being the recommended value (as used in Norman et al.,

1995; Norman and Kustas, 2000).

Furthermore, the Priestley and Taylor formula tried to represent physically based processes
with a numerical parameter, which is insufficient to justify the complexity of water vapor transfer
in the soil-plant-atmosphere continuum. There have been attempts to calculate « as a function of
the dry air entrainment at the top of the atmospheric boundary layer, surface, and aerodynamic
resistances (de Bruin, 1983). Nonetheless, the application of the PM-65 equation has often been
applied to standardized surfaces (e.g., clipped grass or alfalfa) of fixed crop height, vegetation
structure (e.g., leaf area index or LAI, for instance), and surface resistance, with no water and
nutrient deficits. Calculated crop evapotranspiration for standardized surfaces are referred to as
reference ET (henceforth, £'7,..f) and later translated into daily ETa through crop coefficients

(Wright, 1981; Allen et al., 1998; Allen, 2000; Allen et al., 2005a; Rawat et al., 2019).

The single crop coefficient method was first introduced by Jensen (1968). It was based on the
concept of relating reference and crop evapotranspiration through a proportionality factor, the crop
coefficient. The term "single" alludes to the idea of an average coefficient that represents the com-
bined plant transpiration and soil water evaporation. Doorenbos and Pruitt (1977) recommended

the Penman (1948) evaporation model to determine £7,..;. It was only with the FAO-56 bulletin



(Allen et al., 1998) that the crop coefficient method for crop evapotranspiration considered the
PM-65 equation to determine reference evapotranspiration using clipped grass as the vegetation

surface (Lecina et al., 2003).

About seven years after the FAO-56 bulletin publication, the American Association of Civil
Engineers (ASCE) introduced a standardized version of the PM-65 equation to calculate E'T,..s
using the crop coefficient approach. The ASCE-EWRI (2005) manual provided parameterizations
for alfalfa (£'7}) and clipped grass (£7,) hourly and daily ET..¢. The hourly E'T;, or E'T, also
can be divided into smaller timesteps (e.g., 30 minutes) under daytime and nighttime conditions.
The single crop coefficients are dependent on the type of crop being cultivated, the local weather
conditions, soil evaporation, and the crop biomass growth stage (Allen et al., 1998). When soil
evaporation composes a significant part of the total evapotranspiration (e.g., often the case for row
crops during early plant growth stages), the dual crop coefficient approach is recommended (Allen
et al., 1998). The dual crop coefficient method is a more sophisticated approach for ETa estimation

that partitions the contributions of soil and vegetation to total evapotranspiration.

The single and dual crop coefficient approaches have been widely used in irrigation water man-
agement as a standardized tool to estimate ETa. The incorporation of remote sensing spatial data
(e.g., on-site, airborne, spaceborne) coupled with remotely sensed ETa models has become essen-
tial tools to monitor vegetation growth, crop yield, and quasi-real-time crop water demands (Moran
et al., 1989; Hall et al., 1992; Jacob et al., 2002; Seelan et al., 2003; Liaghat and Balasundram,
2010; Liou and Kar, 2014; Khanal et al., 2017; Deng et al., 2018; Awad, 2019; Maes and Steppe,
2019). However, the derivation of crop coefficient curves for different vegetation types was de-
veloped for pristine and uniform vegetation conditions. Allen et al. (1998) indicated a method
to determine crop coefficients for non-pristine vegetation. Still, the approach is purely empirical,

subject to input data uncertainties, and lacks physically-based validation.
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Furthermore, the land surface heterogeneity of cropland fields often limits the accuracy of
crop coefficient estimates of ETa due to contrasting crop water demands within different varieties
of the same crop associated with uncertainties regarding the irrigation uniformity and scheduling
practices (Allen et al., 2005; Varmaghani et al., 2021). With the advance of precision agriculture
and the relevancy of varying irrigation rates to optimize crop productivity and minimize local and
regional environmental disruption, spatially distributed ETa modeling has become attractive to
conserve soil and water resources in the past thirty-five years (Mulla, 2013; Bhakta et al., 2019),
with RS data being used to capture actual field conditions that deviate from standardized conditions
associated to pristine vegetation without lack of water supply (Costa-Filho et al., 2022; Chavez et

al., 2024).

1.5 Remote Sensing of Actual Crop Evapotranspiration

Remote sensing is the science of collecting data without having contact with the area of interest
or target through measurements of emitted and reflected light within the visible, invisible, and ther-
mal radiation spectrum (Rott, 2000; Schumugge et al., 2002). With the availability of multispectral
and thermal spatial data from cameras attached to airborne (e.g., small aircraft, automated aerial
vehicles), spaceborne sensors (e.g., satellites), and proximal devices (e.g., handheld radiometers),
obtaining land surface information for monitoring crop growth, soil nutrients, and plant water use
has become reliable for practical applications in irrigation water management (Pinter Jr et al., 2003;

Yang et al., 2005; Liaghat and Balasundram, 2010; Atzberger, 2013; Shanmugapriya et al., 2019).

The different ETa models might be divided into two major approaches: the reflectance-based
crop coefficient (RBCC) and the SEB models. The RBCC for daily spatial ETa modeling provides
a transpiration crop coefficient (basal) as a function of vegetation indices derived from RED and
Near-infrared (NIR) surface reflectance within the shortwave light spectrum, such as the normal-

ized difference vegetation index (NDVI), soil adjusted vegetation index (SAVI), and vegetation
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cover (f.) for a variety of crop types (Heclman et al., 1982; Bausch and Neale, 1987; Neale et al.,

1990; Bausch, 1995; Jayanthi et al., 2007; Trout and DeJonge, 2018; Wang et al., 2021).

Some RBCC models for ETa have been developed based on plant transpiration and crop coef-
ficients functions calibrated using lysimeter or SWB ETa data and remote sensing data (e.g., Neale
et al., 1990; Bausch, 1995; Trout and DeJonge, 2018). The RBCC modeling approach is empirical
and requires multispectral surface reflectance (SR) as the spatial input data for mapping ETa. The
RBCC approach has daily ETa estimation errors ranging from 15% to 40% (French et al., 2020;
Pereira et al., 2020). Even though the RBCC ETa model approach is very simplistic, it still is a
reliable tool for agricultural water management in many nations for a wide range of different crops
(Bossie et al., 2009; Kamble et al., 2013; El-Shirberny et al., 2014; Park et al., 2017; Alface et al.,
2019; Dingre et al., 2021).

The SEB approach for mapping ETa uses remote sensing SR and thermal data alongside lo-
cal micrometeorological information to estimate instantaneous ETa at the local time of the re-
mote sensing sensor overpass. Then, instantaneous ETa estimation is extrapolated to daily values
through the evaporative fraction or £'T,.¢ techniques (as discussed in Chévez et al., 2008). The
simplified SEB considers that the control volume (e.g., an infinitely thin soil and vegetation layer)
does not store heat. That energy for photosynthesis and plant biological processes are several or-
ders of magnitude smaller than SEB components such as net radiation (R,,), soil heat flux (G),

sensible (H), and latent heat (LE) fluxes (Arya, 2001).

The energy required for converting liquid water into water vapor (LE) is determined as the
residual term (LE = R,, - G - H). The R,, flux is defined as the energy budget of the shortwave and
longwave radiation at the surface level. G is the energy flux density that moves through a layer of

soil, and H is the energy flux density transferred between the surface and the atmosphere through

12



convection (Arya, 2001; Heusinkveld et al., 2004; Foken and Napo, 2008; McShane et al., 2017).

There are two different methods to determine ETa using the SEB approach: the one-source
SEB (henceforth, OSEB) considers the combined contributions of soil and vegetation to ETa rates
(Lafleur, 1992; Moran et al., 1994; Rim, 2000; Boulet et al., 2012; Tang et al., 2013; Costa-Filho
etal., 2021). The two-source SEB (or TSEB) partitions heat fluxes and the ETa in water transpired
by the plants and evaporated from the soil (Massman, 1992; Norman et al., 1995; Anderson et al.,

1997; Kustas and Norman., 2000; Li et al., 2005; Colaizzi et al., 2012; Kustas et al., 2019).

The OSEB approach relies on the individual modeling of R7,,, G, and H fluxes, with H being
calculated through a bulk aerodynamic resistance approach in which the air temperature gradient
between the sink or source of heat (within canopy temperature) and the reference height above the
plants (within the atmospheric inertial sublayer) is associated with a theoretical aerodynamic resis-
tance to heat transfer. Errors related to estimating R,, and G range from 5% to 20% (Bastiaaanssen
et al., 1998; Su, 2002; Allen et al., 2007; Costa-Filho et al., 2021). Typical errors associated with
modeling scalar fluxes (e.g., H and LE) using the OSEB concept range from 15% to 40% for H and
10% to 30% for LE fluxes (Kustas et al., 1989; Lhomme et al., 2000; Chavez et al., 2005; Zhuang
et al., 2016; Costa-Filho et al., 2021).

The more challenging OSEB model variable is the H flux since quantifying the heat transfer
between surface and atmosphere is highly influenced by the three-dimensionality of canopy turbu-
lence within and above the plants (Finnigan, 1985). Thus, several different OSEB algorithms have
been developed to determine ETa with different approaches for H using remote sensing spatial
data and simplifying the temperature gradient through a linear relationship between radiometric
surface temperature (75) and thermally "cold" (low 7T pixel value) and "hot" (high 7T pixel value)

approaches (Bastiaaanssen et al., 1998; Roerink et al., 2000; Su, 2002; Allen et al., 2007; Senay et
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al., 2013).

Other H modeling approaches with the OSEB for ETa prediction have attempted to predict the
temperature gradient in the bulk aerodynamic model (Chehbouni et al., 1996; Mahrt and Vickers,
2004; Chavez et al., 2005; Matsushima, 2005; Carrasco-Benavides et al., 2017; Costa-Filho et al.,
2021). The recent study by Costa-Filho et al. (2021) has shown promising results when predicting
maize LE with an overall accuracy of 10%. The OSEB is less computationally intensive than the
TSEB approach and requires fewer input variables to map ETa. However, the OSEB method relies
on assumptions about the temperature gradient that limit the application of OSEB for different

surface types and climate conditions (Gonzalez-Lugo et al., 2009).

The TSEB is an iterative method suitable for remote sensing spatial data and requires SR and
thermal data. Developed by Norman et al. (1995), the TSEB model has two different approaches
regarding the bulk resistance approach for H associated with the vegetation and soil composites:
the parallel TSEB (henceforth, TSEBpar) method considers that the processes that derive the heat
transfer between plants, soil, and the air above canopy are independent of each other and can be
modeled with two resistances for heat transfer (one for the H flux associated to the plants and an-

other for the H flux related to the soil contribution).

The series TSEB (henceforth, TSEBser) method includes the concept of heat transfer inter-
connection in the soil-plant-atmosphere continuum through an additional resistance term and a
parametrization of the surface aerodynamic temperature (7},) as a weighted-averaged temperature
among soil, plant, and air temperatures with respective resistances as weights. Chehbouni et al.
(1996) defined T, as the within canopy temperature that theoretically could be determined at the
source or sink height of heat transfer. Typical errors associated with determining ETa (hourly and
daily data) from TSEB algorithm for row crops (e.g., cotton, sorghum, and maize) are within 15%

to 20% when compared to measurements of ETa from monolith weighing lysimeters (Chévez et
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al., 2009b; Colaizzi et al., 2012; Colaizzi et al., 2014) under advective semi-arid climate conditions.

The SEB algorithms provide estimates of ETa as LE (W/m?). A simple transformation of units
converts instantaneous LE values from W/m? to instantaneous ETa in mm/h. Daily SEB ETa values
need to be calculated and extrapolated from instantaneous ETa during the time the remote sensing
sensor overpasses since remote sensing data are obtained around noon. Several approaches have
been used to extrapolate SEB ETa from hourly to daily steps (as described in Chévez et al., 2008)
based on daily evaporative fraction self-preservation (Brustaert and Sugita, 1992; Crago, 1996;

Crago and Brutsaert, 1996).

However, there is no scientific agreement on the appropriate extrapolation method for daily
ETa. Some OSEB and TSEB algorithms use the evaporative fraction (EF = LE/[R, — G]) ap-
proach (as in Shuttleworth et al., 1989) as the preferred method to obtain daily ETa from instanta-
neous SEB ETa (e.g., Bastiaanssen et al., 1998; Roerink et al., 2000; Chavez et al., 2005; Elhaddad
and Garcia, 2011; Poblete-Echeverria and Ortega-Farias, 2012; Consoli and Vanella, 2014; French
et al., 2015) while others rely on the grass or alfalfa K7, fraction (KT, F' = ETa J/ET,. ) ap-
proach (e.g., Allen et al., 2007; Chavez et al., 2010a; Colaizzi et al., 2014).

Chavez et al. (2008) have indicated that the SEB EF approach may provide more accurate
results (5% error) for fields under canopy cover heterogeneity, canopy water stress conditions, and
non-advective fields. On the contrary, F7T,.F' approaches would be recommended for homoge-
neous, pristine canopy under advective conditions. Furthermore, Chédvez et al. (2008) reported
that errors due to E'T, F extrapolation methods from grass and alfalfa are within 10% to 15% when
estimated daily ETa values (using airborne remote sensing data) are compared to ETa measure-

ments from EC systems.
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The TSEB approaches for ETa modeling are often assumed to predict evaporation from soil
better, while OSEB models provide reasonable predictions of transpiration from canopies (Mc-
Shane et al., 2017). However, the TSEB models require the calculation of many input variables
and assumptions that might limit the accuracy of ETa estimation compared to precisely calibrated
OSEB models (Timmermans et al., 2007; French et al., 2015). Nowadays, with different remote
sensing sensors providing images of cropland fields at various spatial resolutions (e.g., pixel size),
it is essential to investigate the role of the other spatial resolutions in the RBCC, OSEB, and TSEB
models for further refinement and generation of better ETa maps to support sustainable irrigation
water management. Understanding the advantages and disadvantages of a given spatial resolu-
tion in mapping ETa constitutes the initial step toward defining calibration approaches to enhance

multispectral and thermal imagery data quality.
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Chapter 2

Literature Review and Study Objectives

2.1 The Spatial and Spectral Resolution Problem in Remote

Sensing

Remote sensing technology involves the use of spaceborne (e.g., satellite), airborne (e.g., air-
craft, drones, for instance), and proximal (e.g., handheld radiometers, infrared thermometers, or
IRT) to obtain spatial and point-based data from the Earth’s landscape. Getting near real-time data
of an area of interest (AOI) is relevant to support a diverse range of environmental applications such
as, but not limited to, water management, weather and climate analysis, flood monitoring, drought
assessment, watershed development, forest mapping, and land cover classification (Elachi, 1988;

Navalund et al., 2007, Pajares, 2015).

Proximal remote sensing technology has challenging applications in large fields. First, reliable
spatial data requires intensive sampling strategies at different locations, which is often unrealistic
and impractical due to the direct and indirect costs associated with data collection (e.g., equipment
maintenance and technical labor, for instance). Second, systematic errors due to human error when
operating sensors and instruments are likely to affect the quality of the data acquired and reduce
sample size for further environmental applications (Li et al., 2020). Furthermore, field accessibility
is another factor that might limit handheld remote sensing devices. Nonetheless, there have been
studies that use handheld remote sensing devices to provide SR and thermal data in cropland fields
to optimize crop yield and water management (Wang et al., 2002; Steddom et al., 2005; Reyniers

et al., 2006; Gianquinto et al., 2011; Jeong et al., 2018; Hinojosa et al., 2019).
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When it comes to obtaining spatial data suitable to any field, RS imagery data acquisition have
become a significant asset since the second half of the 20" century (Engel and Weinstein, 1983;
Bizzel and Prior, 1985; Hinton, 1996; Johansen et al., 2007; Allam et al., 2019). Regardless of
spatial or proximal data, each remote sensing technology has its spatial resolution, often referred
to as pixel size or image footprint, and spectral resolution. Townshend (1980) defined imagery
spatial resolution as the respective areal dimensions (usually given as a length scale) of a given

image’s smallest spatial unit data.

The most current spaceborne and airborne remote sensing sensors (e.g., WorldView-3, Ad-
vanced Spaceborne Thermal Emission and Reflection or ASTER, Moderate Resolution Imag-
ing Spectroradiometer or MODIS, Landsat, Sentinel-2, Planet CubeSat, Planet RapidEye, Planet
SkySat, and unmanned aerial systems or UAS, for instance) have been able to provide SR (e.g.,
RED, BLUE, GREEN, NIR, shortwave infrared or SWIR bands, for example) and, for some sen-
sors, longwave infrared (LWIR, also referred to thermal radiation) imagery at a wide range of pixel
sizes varying from 1000 m to 0.03 m (Johnson et al., 2003; Hansen et al., 2003; Drush et al., 2012;
Dube and Mutanga, 2015; Houborg and McCabe, 2018a).

The spectral radiometric resolution is associated with the wavelength range (bandwidth or am-
plitude) of a given RS band that is sensed by the RS instrumentation. Each satellite, UAS, and
proximal radiometer has different optical and thermal filters that allow for a specific range of light
to be recorded by the camera or proximal device for a given SR or LWIR band. Some studies have
investigated the effects of spectral differences on environmental applications. Rocchini (2007)
investigated the effects of spatial and spectral radiometric resolution differences using ASTER,
Landsat-7, and Quickbird satellite imagery to map plant species biodiversity in Tuscany, Italy. The
conclusions from Rocchini (2007) indicated that spatial resolution was critical to identifying plant

species, while the differences in larger spectral resolution bandwidth across the evaluated satellites
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had a higher correlation with the biodiversity species richness index.

Pandya et al. (2007) studied the differences in spectral resolution between Indian Remote Sens-
ing satellites (IRS-1A to IRS-1D, IRS-P2 to IRS-P6) for wheat fields in India. They concluded that
discrepancies in the spectral resolution of the IRS satellites led to 3 and 4% uncertainty in obtained
top-of-the atmosphere reflectance and NDVI, respectively. Skakun et al. (2021) investigated the
yield of maize and soybeans in lowa using WorldView-3, Planet CubeSat, Sentinel-2, and Landsat-
8 satellite sensors. They concluded that some spectral resolution bands from Green, Red-Edge, and
NIR wavelengths are relevant to characterize crop yield. Furthermore, Skakun et al. (2021) indi-

cated that the explained variability of yield mapping decreases with a pixel size increase.

Different remote sensing sensors have varying bandwidth capabilities to record the brightness
levels reflected by a given surface target. The differences in bandwidth from each remote sens-
ing sensor are associated with the multispectral detector radiation sensitivity, cross-sensor data
consistency, and signal-to-noise ratio characteristics (Houborg and McCabe, 2016). Trishchenko
et al. (2002) indicated that depending on the spaceborne remote sensing system (e.g., AVHRR,
MODIS), the surface reflectance in the RED and NIR values vary from -25% to 12% and -2% to
4%, respectively. When comparing surface reflectance from AVHRR and MODIS, differences in
RED and NIR bands can be up to 30% to 40%. Vermote et al. (2002) compared BLUE surface
reflectance values between MODIS and Landsat-7 and found that BLUE surface reflectance data

from MODIS was 7% lower in magnitude compared to its Landsat-7 counterpart.

Furthermore, it is important to acknowledge that the final surface reflectance products uncer-
tainty is also associated with the level of atmospheric corrections applied to the at-sensor brightness
data as reflected light travels from the surface and is sensed by a given multispectral detector (Wang
et al., 2001). Vermote et al. (2000) indicated the relative error associated with surface reflectance

values from MODIS (MOD?9) spaceborne sensor in the BLUE (50% - 80%), GREEN (5% - 12%),
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RED (10% - 33%), and NIR (3% - 6%) wavelength spectrum could be related to insufficient atmo-

spheric and other environmental corrections to the at-sensor brightness data.

Because remote sensing imagery are often used as input data for a wide range of ecological
modeling applications, the accuracy of predicting any pertinent environmental variable will de-
pend on a given model approach response to the characteristics associated with the remote sensing
sensor. Hence, spatial resolution in remote sensing applications becomes a never-ending and com-
plex issue that is aggravated when different spectral sensors are considered. Thus, it is imperative
to understand the role of an image’s spatial and spectral radiometric data on the accuracy of envi-
ronmental models that use spaceborne, airborne, and proximal sensors as input data. Identifying
an optimal remote sensing sensor for ETa mapping might contribute to the adequate use of the best

spatial and spectral resolution for a given environmental application.

For ETa mapping, the optimal remote sensing sensor would result in less uncertainty in the pre-
diction of ETa for a given modeling approach. Finding the best remote sensing data characteristics
for ETa depends on the reliability of spatial and spectral data from satellite, UAS, or handheld
sensors, as well as from information about the spatial and spectral resolution of the data used to
calibrate ETa algorithms. A thorough understanding of the underlying factors that contribute to
potential differences in ETa model performance across different remote sensing sensors is critical

to improving ETa estimated products using algorithms such as the RBCC, OSEB, and TSEB.

The particular problem of spatial scale in remote sensing has been intensively investigated for
the past thirty years within a broad range of scientific fields. Turner et al. (1989) studied the
impact of different spatial scales on predicting landscape ecological variables associated with the
land-vegetation-atmosphere nexus. They indicated that an increase in pixel size decreased the re-
trieval of information about the number of land cover types. Raffy (1992) analyzed the effect of

downscaling the spatial resolution of images on the quality of SR data and provided a generalized
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method to reduce errors associated with downscaling images of heterogeneous surfaces. Marceau
and Hay (1999) proposed a framework to address the modifiable areal unit problem in remote
sensing by studying the effects of dividing a given area into independent sections to characterize
a given geographical domain spatially. The works of Kasampalis et al. (2018) and Lechner et
al. (2020) reviewed the advantages and disadvantages of using different remote sensing imagery
sensors when studying agricultural crop growth modeling and forest ecology management, respec-

tively.

Nonetheless, when investigating the role of spatial scale in estimating ETa, research efforts
have only expanded in the past fifteen years. McCabe and Wood (2006) analyzed the role of spa-
tial heterogeneity when predicting watershed ETa using Landsat-5 (30 m), ASTER (90 m), and
MODIS (1020 m) satellite sensors using the OSEB approach by Su (2002). Matese et al. (2015),
while not addressing the estimation of ETa in an irrigated vineyard field, studied the spatial differ-
ences in NDVI across uncrewed aerial vehicles (drone and aircraft at 0.05 m and 0.50 m spatial
resolutions, respectively) and satellite sensors (Planet RapidEye at 5 m pixel size). Matese et al.
(2015) found that large pixel size imagery is not reliable for the characterization of intra-row vine-

yard variability for heterogeneous surfaces.

Sharma et al. (2016) studied the impact of Landsat-5 (30 m) and MODIS (500 m) spatial reso-
lution when estimating watershed hourly ETa using several geographical information system (GIS)
resampling techniques coupled with the OSEB approach by Su (2002). Sharma et al. (2016) found
that aggregated Landsat-5 imagery matching MODIS spatial resolution (500 m) had the smallest
root mean square error (RMSE) between the two sensors (0.064 mm/h) and that the OSEB model

explained 91% of the variability in measured hourly ETa from a BR system.

Nassar et al. (2020) investigated the accuracy of SEB fluxes using different drone imagery

pixel sizes (0.10 m to 0.60 m) in a vineyard field in California using a TSEB model (Norman et
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al., 1995). The drone images were aggregated later to generate coarse imagery resolution ranging
from 3.6 to 30 m pixel sizes. The findings from Nassar et al. (2020) indicated that R,, and G errors
were slightly the same across different remote sensing sensors, while H and LE errors were mono-
tonically related to the remote sensing spatial resolution. Aragon et al. (2021) used Landsat-8 (30
m), Sentinel-2 (10 m), and Planet CubeSat imagery (3 m) to evaluate the accuracy of daily wheat
ETa estimation in Saudi Arabia using a modified Priestley-Taylor ETa model (Fischer et al., 2008).
Aragon et al. (2021) indicated that differences in the spectral resolution of the spaceborne sensors
affected the magnitude of ETa predictions, with Sentinel-2 having the smallest mean value of ETa
estimation among the three remote sensing sensors and that fine spatial resolution satellite sensors

are recommended for small agricultural fields.

With a wide range of ETa modeling approaches using remote sensing data, there have not been
comprehensive studies that evaluate the advantages and disadvantages of a given imagery spatial
resolution considering different published ETa modeling approaches. Finally, remote sensing data
from spaceborne and airborne sensors are prone to inaccuracy due to attached camera malfunc-
tioning issues, cloud cover effects over the AOI, and other related operational issues (Kelly et al.,
2019; Aragon et al., 2020). Thus, there is an opportunity to focus on improving ETa mapping for
cropland water use management by adjusting multispectral data for sensors that may fail to deliver

consistent and accurate products for a given remote sensing of the ETa algorithm.

2.2 Remote Sensing Methods for Improving Imagery Data

Several studies have attempted to improve the quality of RS imagery data using other sensors
as reference (henceforth, imagery fusion). Zhou et al. (1998) developed an approach to merge
Landsat and SPOT panchromatic imagery using a wavelet transform function approach (WTFA)
for image interpretation. Several studies have investigated the use of WTFA to account for possible

image enhancement across multiple spaceborne sensors (Sheng et al., 1992; Wu et al., 2005; Hong
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et al., 2009; Cheng et al., 2015; Ma et al., 2019). The WTFA method has several limitations re-
garding unpredictable changes in the internal coefficients due to input-signal drift (Strang, 1989),
poor directionality due to function coefficients not capturing all features in an image (Watson and
Ahumada, 1985; Burns et al., 1994); and absence of relevant phase information when merging
two different imagery resolutions (Grossman and Morlet, 1984; Grossman et al., 1990). Nonethe-
less, agricultural management studies have used wavelet transform functions to analyze vegetation
index time series and fill missing data in remote sensing images (Martinez and Gilabert, 2009;

Kandasamy et al., 2013; Zheng et al., 2020).

As improved versions of the original wavelet transform function, several modified approaches
based on the transfer domain method have been investigated in the literature to overcome the lim-
itations of implementing accurate image fusion techniques. A wavelet multi-resolution analysis
(WMRA) is an approach that relies on approximating image signals using different spatial reso-
lution sensors and without introducing spectral distortion in the final imagery product (Nunez et
al., 1999; Myint, 2010). A bandelet transform function (BTF) is another variation of the WTFA
in which an image is decomposed into subsets that, once merged with another spatial resolution
imagery, conserve the geometric properties of the original image through a reconstruction process

based on bandelet coefficients and inverse function (Le Pennec and Mallat, 2000; Qu et al., 2007).

A curvelet transform function (CuTF) passes a filtering window through an image using smoothed
functions to increase image enhancements at a smaller spatial resolution (Starck et al., 2002; Choi
et al., 2005; Devulapalli and Krishnan, 2019). A contourlet transform function (CoTF) is a mod-
ified CuTF approach that focuses on defining a construction domain of image signal before con-
sidering smooth filtering functions (Do and Vertterli, 2005). Even though the list of improved
WTFA is extensive, the applicability of such approaches to agricultural fields and, precisely, ETa
mapping has its technical challenges. Ha et al. (2013a) argued that these WTFA and modified

versions are often used for applications beyond the scope of remote sensing applied to agriculture.
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These image fusion techniques are often associated with panchromatic and multispectral image de-
compression, image visualization, and classification maps. The ending products from WTFA and
improved approaches do not provide calibrated SR data, representing a setback to remote sensing

environmental modeling (Gao et al., 2006).

Color composition methods have been used in image fusion to combine the visible SR bands
(e.g., RED, BLUE, and GREEN) from two different imagery sensors into a secondary enhanced
image. This approach is often referred to as intensity-hue-saturation transformation (IHS). It
breaks down a multispectral image into hue, saturation, and intensity components in the visible
light spectrum. Then, by replacing the intensity image component with a higher resolution image
from a different sensor and restructuring it with the original hue and saturation elements, the image
fusion process is completed (Pohl and van Genderen, 1998; Tu et al., 2001; Choi, 2006; Jain et al.,
2019). For ETa mapping applications, the wavelength bands in the invisible light spectrum (e.g.,
near-infrared, for instance) are required to calculate vegetation indices that serve as input data for
most remotely sensed ETa algorithms (Huete, 1988; Qi et al., 1994; Rondeaux et al., 1996). Thus,

the IHS method has limited applicability in mapping ETa.

Another imagery processing method is the Principal Component Analysis (PCA) approach,
which is based on the concept of reducing the dimensionality of a given image by merging SR
bands into principal components that explain most of the variability for a given spatial domain
(Wold et al., 1987; Abdi and Williams, 2010; Bro and Smilde, 2014). The PCA can combine
the essential bands in an image based on how much spatial variance they explain (Rao, 1964;
Rodarmel and Shan, 2002; Ng, 2017). The first few PCA-generated images are considered to
maintain most of the variability in the original image (Gonzélez-Audicana et al., 2004; Gautam et
al., 2007). However, SR and LWIR thermal bands have been used independently to characterize
certain element features in an image (Ji et al., 2011; Du et al., 2016; Costa et al., 2020; Raj et al.,

2021). Furthermore, PCA values do not provide any physical meaning and have limited applicabil-
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ity in modeling (Jolliffe, 1982). Thus, PCA is recommended in scenarios in which remote sensing
sensors have several bands (e.g., hyperspectral imagery) that need to be compressed for supervised

and unsupervised classification (Farrell and Mersereau, 2005; Sun et al., 2019).

For at least eighteen years, researchers have developed methods that focus on expanding the
applicability of image fusion in remote sensing through adaptive image fusion (AIF) approaches
(Park and Kang, 2004; Gao et al., 2006; Petrovic and Cootes, 2007; Belgiu and Stein, 2019; Zhang
et al., 2020; Wang et al., 2021). AIF approaches have been developed to correct images for geom-
etry distortion and modify imagery spatial resolution without losing the spectral properties of the

original image (Ha et al., 2013a).

Three common approaches in the literature for imagery data fusion are the smoothing filter-
based intensity modulation (SFIM), the spatial and temporal adaptive reflectance fusion model
(STARFM), and the Enhanced STARFM (ESTARFM), developed by Liu (2000), Gao et al. (2006),
and Zhu et al. (2010), respectively. Using the STARFM, Li et al. (2017) evaluated the accuracy of
estimating LE for different surface types (e.g., maize, orchard, bare soil, wetlands) in irrigated ar-
eas in China using combined MODIS (250 m) and ASTER (90 m) spatial resolution with an OSEB
model (Su, 2002). Compared to EC measurements of ETa, the normalized errors when predicting
H and LE over large maize fields were 47% and 9%, respectively. Cammalleri et al. (2014) evalu-
ated STARFM image fusion performance to estimate daily ETa for cotton, maize, and soybeans in
Texas and Nebraska when using Landsat-5 (30 m) and MODIS (250 m) and a TSEB approach. The

normalized mean absolute error (NMAE) for cotton, maize, and soybeans ETa estimation was 28%.

Even though there are recent studies that have applied AIF approaches to surface heat fluxes
and daily ETa mapping in the literature (Ma et al., 2018; Yi et al., 2018; Xu et al., 2019), the under-
lying assumptions and intrinsic details of the AIF approaches might be violated depending on the

local characteristics of a given agricultural field setting. The STARFM and ESTARFM approaches
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use a filtering window mechanism to apply weights on neighboring surface reflectance pixel data
from low-resolution imagery by assuming field homogeneity (similar canopy biomass conditions)
during the satellite overpass (Gao et al., 2006). However, agricultural fields (row crops, mainly)
are prone to show biomass heterogeneity and spatially varying crop water demands due to multiple
factors such as soil heterogeneity properties (i.e., texture, organic matter, salinity levels), canopy
physiology characteristics, soil water redistribution in the root zone, and local microclimate con-
strains (Moore et al., 1993; Famiglietti et al., 1998; Hupet and Vanclooster, 2002; Williams et al.,

2003; Brocca et al., 2007).

Furthermore, the STARFM and ESTARFM theoretical development to generate SR images of
satellite sensors during the respective overpass time window. This is, MODIS data (daily temporal
resolution) is used as a surrogate to generate consistent spectral resolution of finer remote sens-
ing sensors rather than improving the spectral resolution of the satellite data being temporally and
spatially interpolated for days without imagery. The SFIM method relies on the idea of fusing two

temporally coinciding imagery sensors (Liu, 2000).

Besides image fusion approaches, there have been studies to adjust the spatial resolution of a
given remote sensing imagery sensor using ancillary multispectral and thermal data. These meth-
ods rely on the concepts of upscaling or downscaling the pixel size of an image (Han et al., 2013b;
Raj et al., 2013). An upscaled or aggregated remote sensing image has a larger (or coarser) pixel
size than the original image. A downscaled image has a smaller (or finer) spatial resolution than

its counterpart.

Upscaling an image in remote sensing is often referred to as pixel aggregation (Bian and Butler,
1999; He et al., 2002; Carrasco et al., 2019). Standard image aggregation methods are based on
imagery resampling techniques such as simple averaging, nearest neighbor, bilinear, and cubic con-

volution (Gurjar and Padmanabhan, 2005; Ershadi et al., 2013; Porwal and Katiyar, 2014). Down-
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scaling methods for remote sensing imagery adjustment have more straightforward approaches
based on pixel resampling techniques (Zheng et al., 2017; Wang et al., 2020) or more sophisti-
cated methods that consider other remote sensing sensors at finer spatial resolution for both SR
and LWIR thermal bands (e.g., Kustas et al., 2003; Norman et al., 2003; Trishchenko et al. 2006;
Agam et al., 2007; Boucher, 2009). The resampling techniques for either upscaling or downscaling
remote sensing images rely on a kernel filtering window passing through a set of pixels and adjust-
ing the values of neighboring pixels at the desired spatial resolution (Schlédpfer et al., 2001; Baboo
and Devi, 2010; Lyons et al., 2018). Thus, resampling methods do not necessarily improve the
accuracy of given remote sensing imagery since changing the spatial resolution of an image using
its pixel data generates a new image that often preserves the descriptive statistics of the original

image at the expense of only modifying the spatial resolution.

The downscaling methods that incorporate external fine spatial resolution imagery are com-
monly applied in agricultural studies to thermal image sharpening using multispectral data from
fine spatial resolution sensors (Kustas et al., 2003; Agam et al., 2007; Jing-xua et al., 2010; Ha et
al., 2010; Faraji et al., 2021). Some downscaling methods have attempted to sharpen multispectral
images using auxiliary fine-resolution sensors across various scientific applications (Trishenko et

al., 2006; Hilker et al., 2009).

However, these methods are limited to least square regression approaches that are not data-
driven and insightful to understanding the role of spatial resolution on ETa mapping. Current
research addressing downscaling methods is only applicable to a prescribed set of remote sensing
imagery sensors. The sharpening of SR and LWIR thermal images, using pixel disaggregation
approaches, is evaluated within the imagery sensor that is selected in the studies and does not
identify the optimal spatial and spectral resolution for ETa mapping, which constitutes an evident

gap in the current literature.
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2.3 Machine Learning, Crop Evapotranspiration, and Remote

Sensing Applications

Naga and Murphy (2015) define machine learning (ML) as a set of algorithms based on com-
puter technology that have the purpose of simulating humanity’s thinking capacity to learn from
external datasets. ML techniques in science have been relevant to advanced modeling and data
analysis for the past twenty years (Jordan and Mitchell, 2015). Also, ML has been an appro-
priate tool for prediction and self-calibration models (Zhong et al., 2021). In micrometeorology,
hydrology, and remote sensing studies, ML algorithms are justified due to the large amount of
data generated through weather, remote sensing imagery, and surface energy flux sensors. ML
algorithms for prediction and calibration purposes are categorized in different regression models

(Maulud and Abdulazeez, 2020).

Ordinary ML regression approaches applied in environmental remote sensing studies are the
following: Linear regression models (Maxwell et al., 2018, Han et al., 2019); regression trees
(Lobel et al., 2005; Homer et al., 2012; Elmahdy and Mohamed, 2021); support vector machines
or SVM (Ahmad et al., 2010; Mohajane et al., 2021); Gaussian process regression or GPR (Pa-
solli et al., 2010; Hultquist et al., 2014; Pipia et al., 2021); ensemble trees such as random forests
(Pal, 2005; Avand and Moradi, 2021; Costache et al., 2021). These ML regression approaches
are trained to make predictions by learning from the data in the training phase. Once a given
ML model has known the intrinsic aspects of different data variables, prediction is made at higher
accuracy when compared to fitting empirical equations using least-of-square regression or other

curve-fitting techniques (Mair et al., 2000; Granata, 2019).

Recent studies have used ML to estimate ETa or E'T;.. for various vegetation types under dif-

ferent climate conditions in hydrology and agricultural water management studies. Shrestha and
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Shukla (2015) applied an SVM model to estimate pepper ETa and crop coefficients using lysimeter
data in Florida, USA. Tang et al. (2018) employed SVM to model rainfed maize ETa. Mohamadi
and Mehdizadeh (2020) used an SVM regression to predict grass £7,..¢ using micrometeorologi-

cal data as predictors from three standardized weather station sites in semi-arid regions of Iran.

Wen et al. (2015) and Chia et al. (2020) applied SVM to predict grass E'7T,.; using limited
micrometeorological data in China. Granata (2019) modeled ETa using a regression tree approach
with data from a strawberry farm in Florida, USA. Macek et al. (2018) predicted grass E'7T;..; with
a regression tree using data from twelve weather stations in Slovenia. Granata et al. (2020) studied
the application of a combined regression tree and random forest ML to estimate wetland evapo-
transpiration in Florida, USA. Carter and Liang (2019) evaluated ten ML approaches to estimate
terrestrial ETa from remote sensing data. Karsabi (2018) used GPR to forecast daily grass E'T,.;
in Iran. A recent study by Sattari et al. (2021) attempted an evaluation of monthly E7T..r using

kernel-based and deep-learning methods.

Regarding the application of ML in remotely sensed ETa, few recent studies have shown
progress in providing approaches to adjust the spatial resolution for estimating ETa. Xu et al.
(2018) tested different ML approaches for upscaling ETa from local to large scale (e.g., water-
shed). Houborg and McCabe (2018b) developed an enhancement method to improve the quality
of the Planet CubeSat SR data images using an image fusion approach based on ML regression
by combining data from Landsat and MODIS for crop water management. Aragon et al. (2021)
applied Houborg and McCabe (2018b) ML approach to adjust the spectral data of Planet CubeSat

imagery to estimate ETa in an irrigated center pivot wheat field in Saudi Arabia.

However, these few recent studies are not comprehensive. They do not provide evidence to

justify the choice of a given ML in the context of the ETa mapping using remote sensing. Surface

heterogeneity conditions in agricultural fields have not yet been considered in the literature when
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performing image fusion with ML techniques. The pixels of SR and LWIR thermal images from
row crop fields are mixed signatures from the simultaneous exposed soil and vegetation during the
remote sensing sensor overpass time. The current ML methods for remote sensing image fusion
consider the mixed pixel data (original pixel) when adjusting a given sensor’s spatial resolution,

spectral, and thermal information.

Even though adjusting a given image using the actual pixel values is scientifically justifiable
(Houborg and McCabe, 2018b), the singular characteristics of row crop fields regarding surface
heterogeneity, canopy structure development, and water stress conditions due to climate change
limit the applicability of such holistic approaches to a wide range of real case scenarios. Attempts
to incorporate the concepts of pixel decomposition or spectral unmixing approaches (Byonocore
et al., 1981; Keshava and Mustard, 2002; Yang et al., 2007; Yang et al., 2017; Kaur et al., 2019)

into ML regression for image fusion have not been found in the literature.

The idea of combining spectral unmixing or pixel decomposition methods applied to remote
sensing images has been used mainly for image feature classification (Gong et al., 1994; Van Der
Meer, 1995; Hu et al., 1999; Goodman and Ustin, 2007; Villa et al., 2010; Martin and Plaza,
2011; Wang et al., 2016). These studies have facilitated the detection of different elements in each
imagery pixel to quantify certain features of interest in remote sensing image classification rather
than partitioning the SR values of soil and vegetation signals on a pixel-by-pixel basis (Quintano
et al., 2012). Regarding surface mixed pixels with only soil and vegetation, Behrens et al. (2005)
presented a simple empirical equation to partition soil and vegetation using a linear interpolation
approach and f, for agricultural fields in Germany with different soil textures. However, Behrens
et al. (2005) do not provide enough scientific validation to justify the use of their proposed model

for SR data decomposition in an agricultural setting.
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Goudriaan and van Laar (1994) provided a physically-based model for partitioning the SR data
into soil and vegetation based on a non-linear radiative transfer model that accounts for the upward
and downward light fluxes above and within the plant canopy structure (e.g., leaves, stems, and
other related elements). The non-linear spectral unmixing model is based on the radiation attenu-
ation theory that relates the fraction of light transmitted through the vegetation as an exponential

function of leaf area index (LAI) and the light extinction coefficient (k).

The LAI variable is the area occupied by plant leaves per unit area of the ground surface. The
parameter £k, is associated with the canopy structure, the position of the sun relative to the ground
surface, and multispectral leaf response (Price, 1992; Choudhury et al., 1994; Baret et al., 1995;
Price and Bausch, 1995). Furthermore, the £, parameter, a critical term to determine the partition-
ing of a mixed pixel into soil and vegetation composites, is a function of the solar zenith angle and
leaf angle distribution (Campbell, 1986; Campbell, 1990; Goudriaan and van Laar, 1994; Camp-
bell and Norman, 2012). With most remote sensing imagery acquisition around local solar noon
for most ETa mapping applications (e.g., 10 am to 2 pm), the solar zenith angle for a given loca-
tion is approximately the same throughout most of the crop growing season. Regarding leaf angle
distribution, the underlying assumption is that, for most canopies, the leaf angle distribution is
approximately equivalent to an ideal spherical leaf and remains nearly the same for a given crop

throughout its growing season (Garrigues et al., 2008; Campbell and Norman, 2012).

However, the natural heterogeneity of vegetated surfaces also plays a role in determining the
effectiveness with which light is reflected, transmitted, absorbed, and intercepted by plants (Drouet
et al., 1999; Zhang et al., 2005). De Costa and Dennett (1992) have indicated that under varying
conditions of soil moisture (a surrogate for changing biomass conditions), the light extinction co-
efficient depends on the differences in spatial-temporal canopy structure (e.g., LAI) and might be

subject to variability within cropland fields.
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A few studies have attempted to investigate k, and remote sensing data to account for spatial
canopy variability. Recent studies by Lai et al. (2012) and Tan et al. (2020) indicated that k,
and NDVI have a strong and linear negative correlation for regional and local scales, respectively.
However, relating k, to a given vegetation index is a purely empirical approach that limits the range
of applicability for different crops and remote sensing sensors. Also, the inherited non-linear na-
ture of light transmission, absorption, and scattering within a surface requires more sophisticated
approaches to describe the canopy structure in agricultural fields. Thus, it is essential to adequately
address k,, modeling using a more robust approach that accounts for spatial variability in row crop

fields before partitioning soil and vegetation surface reflectance data.

Thus, there is an evident need for extensive research on the best ML approaches to adjust the
spatial and spectral radiometric data of remote sensing images for a given ETa algorithm that in-
corporates a robust pixel decomposition method. The thorough development of a multidisciplinary
calibration approach for SR data fusion towards ETa mapping has not been extensively investigated

up to this day.

2.4 Research Hypothesis and Problem Statement

This study hypothesizes that the accuracy of crop ETa mapping products is significantly influ-
enced by the source and type of RS imagery utilized, including spaceborne, airborne, and proximal
sensors, as well as variations in RS sensor types and methods of imagery post-processing. It is ex-
pected that different RS of crop ETa algorithms, such as RBCC, OSEB, or TSEB, will demonstrate
variable sensitivities to these factors. By identifying the optimal spectral and spatial resolutions
that provide the most accurate predictions of crop ETa, this study aims to help support sustainable

irrigation water management in cropland settings.
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Moreover, the complex nature of the data involved in managing irrigation spatially requires
the use of reliable data-driven computational approaches such as ML models. The study also ac-
knowledges the extensive capabilities of RS sensors, which vary widely in their spatial, spectral,
and temporal resolutions and provide continuous data critical for effective irrigation water manage-
ment. A key challenge identified is determining which sensors are optimally adequate for specific
RS of ETa algorithms. Furthermore, even when an optimal remote sensing sensor is identified as
optimal in terms of spectral and spatial resolutions, it may not align with the temporal resolution
required by water users, who need consistent data to support daily or weekly irrigation scheduling

decisions.

In scenarios where the optimal remote sensing sensor is unavailable, the use of sub-optimal
imagery or point-based data could be necessary. This research is essential to bridge the scientific
gap in approaches to enhance the quality of RS multispectral data by focusing on identifying the
most appropriate remote sensing sensor for a given ETa algorithm and enhancing the quality of
sub-optimal data. There is a significant gap in studies that analyze the relationship between the
performance of specific ETa algorithms and the spatial and spectral resolutions of remote sensing
sensors. Additionally, the literature on the application of ML techniques for image enhancement
in the context of agricultural water management often overlooks the distinct contributions of soil

and vegetation in mixed pixels, particularly prevalent in row crop fields.

This study focuses on an innovative approach that combines advanced ML regression tech-
niques with an optimized surface reflectance decomposition model. This novel approach, which
has not been published, aims to provide scientific contributions to the fields of remote sensing,
hydrology, and sustainable agricultural water management, thereby addressing a critical gap in the

existing scientific literature.

The main three scientific contributions (novelty) of this study:
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a) A comprehensive evaluation of how specific RS of ETa algorithms perform relative to vari-
ous RS sensors. The novelty relies on identifying the most effective algorithm-sensor com-

binations for accurate crop ETa predictions in agricultural settings.

b) A novel semi-empirical approach to model the k, parameter that contributes to the decompo-
sition of surface reflectance data into distinct soil and vegetation components. The novelty of
the k, model relies on the ability to determine spatial predictions of how vegetated surfaces

intercept light.

¢) A novel methodology to enhance the quality of sub-optimal RS data, enabling its use in
generating accurate crop ETa maps. This approach addresses the common challenge of data

variability due to non-ideal RS sensor multispectral data availability.

2.5 Study Objectives

2.5.1 Overall Goal

This study’s overall goal focused on supporting sustainable irrigation water management prac-
tices due to growing concerns about water scarcity related to climate change. Thus, the overall
idea was to identify the best RS imagery and data to estimate hourly and daily crop ETa. The study
compared three different ETa algorithms to determine which provides the most reliable data under
varying agricultural conditions. Furthermore, the study focused on developing and validating an
RS data calibration approach to enhance the quality of RS surface reflectance data from the RS
sensors that initially did not provide accurate predictions of crop ETa. The calibration protocol
for RS surface reflectance data could enable a more precise mapping of crop water usage in terms
of crop ETa. Ultimately, this study aimed to provide a comprehensive evaluation that could serve
as the basis for future applications in agricultural settings to optimize water usage, enhance crop

yield, and contribute to the broader goals of sustainable irrigation scheduling.
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2.5.2 Specific Goals

To better support irrigation water management with enhanced RS data quality products, the

specific goals of this study are the following:

a)

b)

d)

Evaluate the impact of different spatial and spectral resolutions provided by spaceborne,
airborne, and proximal remote sensing sensors on the errors encountered when estimating
hourly and daily ETa. This evaluation can help understand how pixel size and data resolution
affect the accuracy of ETa predictions, thereby guiding the selection of appropriate RS data

in irrigation water management applications.

Identify the optimal remote sensing spectral and spatial data that yields the most accurate
ETa predictions for specific algorithms among various remote sensing sensors, including
Landsat-8 (30 m), Sentinel-2 (10 m), Planet CubeSat (3 m), handheld radiometer (1 m), and
UAS (0.03 m). The focus is on comparing the effectiveness of different RS sensors and their

settings to determine the best ones for predicting crop ETa in a semi-arid climate condition.

Improve the quality of the RS surface reflectance data for irrigation water management ap-
plications using a novel approach based on spectral decomposition, machine learning, and
spatial vegetation architecture modeling. This novel approach for enhancing the quality of
the RS data for crop ETa modeling and irrigation scheduling focuses on providing more re-
liable ETa data to help support sustainable agricultural water management decisions at the

local scale (e.g., cropland fields).

Evaluate the performance of the optimized RS products for ETa mapping using a multi-year
independent dataset from row crop fields in Colorado. This independent performance evalu-
ation of crop ETa models focuses on validating the practical applicability and effectiveness

of the developed methodologies in irrigated cropland field settings.
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Chapter 3

Materials and Methods

3.1 The Two-Source Pixel Decomposition Algorithm

The light attenuation within the canopy with non-horizontal leaves is modeled using a decaying
exponential function based on the Beer-Lambert spectroscopy law, as indicated by Eq. 3.1 below

(Anderson, 1966; Larcher, 1983; Marshall and Warring, 1986; Vose et al., 1995):

(bdown = ¢o : exp(_kp ’ LA[) (3.1)

where @40, 1S the downward short-wave irradiance (light flux) within the canopy (W/m?); o, 18
the downward short-wave irradiance above the canopy (W/m?); k,, is the light attenuation coeffi-

cient (dimensionless); LAI is given in m? /m?.

For the case scenario of leaves that are not black and horizontal, there will be a radiation con-
tribution to the ¢4, flux characterized as an upward light flux (¢,,;,) from the canopy (Goudriaan
and van Laar, 1994). Thus, the exact solution for the downward and upward light fluxes is given
as the sum of two non-linear exponential functions and indicated by Eqs. 3.2 and 3.3, respectively

(Goudriaan and van Laar, 1994):

Po
{1 +n - exp(—2k, - LAI)
¢o - M - exp(—2k, - LAI)
1+ n-exp(—2k, - LAI)

¢down - :| el‘p(—kp . LAI)—|—

(3.2)

] exp(k, - LAI)
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¢ o ¢0 : SRC
14 - exp(—2k, - LAI)

]eacp(—kp - LAI)+

(3.3)
G0 - M - exp(—2k, - LAI)
- LAI
{SRC + SR, -n - exp(—2k, - LAI) crp(hy )
SRC - SRSOZ’
p= 2o 2l (3.4)
SRsoil - S_R;

where SR, and SR,,; are the vegetation and soil reflectance of a given multispectral band (di-
mensionless), respectively. Eq. 3.4 presents the 7 parameter that is associated with the difference

between SR, and SR,,;.

The SR of a mixed surface (vegetation and soil combined) is then calculated as the ratio be-
tween the total upward fluxes from soil and vegetation and the downward light flux above the

canopy and indicated by Eq. 3.5 as follows (Goudriaan and van Laar, 1994):

$o - SR N G0 - - exp(—2k, - LAI)
1+n-exp(—2k, - LAI) SR.+ SR.-n-exp(—2k, - LAI)

Po

SR — (3.5)

where SR is the surface reflectance of mixed surface (dimensionless). After some algebraic ma-

nipulation, the final expression for SR of a mixed pixel is given by Eq. 3.6:

n - exp(—2k, - LAI)
SR,
" SR.

1+n-exp(—2k, - LAI)

SR =

(3.6)

The multispectral data from spaceborne, airborne, and proximal remote sensing sensors pro-
vide SR (e.g., RED, GREEN, BLUE, and NIR) to calculate the vegetation indices (e.g., NDVI,
OSAVI, for instance) used to estimate LAI in the literature (e.g., Anderson et al., 2004; Hasegawa

et al., 2006; Chdvez et al., 2009b; Hasegawa et al., 2010). Thus, the only unknowns in Eq. 3.6 are
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ky, SR., and SR,,;. The multispectral decomposed values of SR are SR, and S Rs;.

The spectral unmixing theory assumes the SR of a given mixed pixel is composed of the indi-
vidual contribution of land surface features (henceforth, endmembers) associated with a weighting
factor that accounts for the percentual area occupied by each endmember (Graetz and Gentle,
1982; Hu et al., 1999; Gilabert et al., 2000; Keshava and Mustard, 2002; Xiao and Moody, 2005;
Sprintsin et al., 2007). Thus, for a cropland pixel that has only two endmembers (soil and vegeta-

tion), the spectral unmixing model is given by Eq. 3.7, as follows:

SR= SR, fe+ SRsou- (1 — f.) 3.7

The SR, — SR, difference in Eqs. 3.4 and 3.6 might be calculated when the derivative of
SR with respect to f. is introduced in the SR decomposition model. In Eq. 3.7, SR could be
also described as a function of two linear terms (SR = f(c,s) = ¢ + s) regarding vegetation
(c(f.) = SR, - f.) and soil (s(f.) = SRsoit — SRsoi - fc) contributions to the reflected light of a
given band. The c and s functions have f. as the primary variable. Using the mathematical notation

of a function of two variables gives the following algebraic equation for SR, as follows (Eq. 3.8):

fle,s) = e(fe) + s(fe) (3.8)

Using chain rule, the derivative of SR with respect to f. is given as follows (Eq. 3.9):

dSR 9f(c,s) dc N df(c,s) ds

df. e df. ds  df.

(3.9)

Since Eq. 3.8 is given as the sum of two functions, the partial derivatives in Eq. 3.9 are given

as follows (Eq. 3.10):

38



0f(c,s) _ f(c,s)

=1 3.10
Jc Os (3.10)
. . dc ds ) )
The ordinary derivatives 3 and E are given by Eqgs. 3.11 and 3.12, respectively:
dc
— =9SR. 3.11
i, (3.11)
ds
— = —5R;, 3.12
. (3.12)

Thus, Substituting Egs. 3.10, 3.11, and 3.12 into Eq. 3.9, SR. is calculated as indicated below
(Eq. 3.13):
dSR

= SRyt + —t 1
SRC SRsozl+ dfc (3 3)

The remote sensing sensors measure the SR data, while f. can be calculated using vegetation
indices derived from the RED and NIR surface reflectance bands. In Eq. 3.13, another unknown
term is introduced as the first derivative of SR with respect to f,. In this study, dSR/df. of a given
SR band will be determined for each imagery pixel or point-based multispectral data considering a
modified linear interpolation approach based on Long and Singh (2012) surface albedo decompo-
sition. Thus, this study suggests the following procedure to calculate dSR/df, for every pixel of a

given SR imagery band:

a) Using a multispectral image or point-based data for a given remote sensing sensor, calculated
f. and SR data will be divided into f, intervals. Minimum (S R,,;,,) and maximum (S R,,..)
values of SR will be recorded for each f. interval and their associated f. values. Each f,

interval will provide two pair of points given as (S R, fe) and (S Rpaz,fe)-
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b) Using the Median Absolute Deviation Approach (M ADA) for excluding outliers (as de-
scribed by Leys et al., 2013), SR data will be filtered for extreme values to avoid introducing
systematic bias into (dSR/df.)mi and (dSR/df.)ma. calculation. This is a modification
from the original Long and Singh (2012) approach that considers using the standard devia-

tion approach for filtering data.

c) For a given SR band, the pair of points (SR, f.) Will be linearly regressed to obtain
(dSR/df)min for when f. is at the minimum value ( f. ;) identified in the image or point-
based dataset. Similarly, the pair of points (S R,,.., f.) will be linearly regressed to provide

(dSR/df.)mas for when f, is at the maximum value (f. nqz)-

d) With (dSR/df.)mn and (dSR/df.)mas values at f. i, and f, a0, dSR/df. will be linearly
interpolated for every pixel or ground-based SR data for the remaining values of calculated

f. 1n a given remote sensing image.

In this study, the f. modeling approach from Norman et al. (1995) was chosen for the two-

source pixel decomposition approach and is indicated by Eq. 3.14:

fINN =1 — exp(—0.5-CF - LAI) (3.14)

where C'F' is the clumping factor (dimensionless). The superscript "N" indicates the Norman et
al. (1995) f. model. The calculation of C'F' depends on the green fraction of LAI and fractional
soil cover (fs), as indicated by Kustas and Norman (2000) and Anderson et al. (2005). The C'F'

parameter is calculated as shown by Egs. 3.15 to 3.18:

feo=1—exp(—0.5- LAI) (3.15)
LAIL = LfAI (3.16)
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fs =1+ feo-exp(—0.50 - LAIL) — feo (3.17)

_ fs
CF = ln<0.5-LAI> (3.18)

where f,., is the initial guess of f. (dimensionless); LA} is the local LAI (m?/m?); f, is the

ground cover occupied by bare soil (dimensionless); C'F' is the vegetation clumping factor.

These two f. models are chosen because they have been either recommended or used to pro-
vide f. input data for the RBCC, OSEB, and TSEB remote sensing of ETa algorithms investigated
in this study (e.g., Norman et al., 1995; Kustas and Norman, 2000; Colaizzi et al., 2012; Kullberg
et al., 2017; Costa-Filho et al., 2020; Costa-Filho et al., 2021). Norman et al. (1995) f. approach is
an exponential model that accounts for the clustering of leaves (clumping factor) within the canopy
architecture based on the fraction of green LAI. Johnson and Trout (2012) f. model is a linear re-
gression function that uses NDVI as a predictor and was calibrated for several crops (e.g., maize,
wheat, cotton, alfalfa, barley, onions, and others) in a semi-arid climate in California, USA, using

RED and NIR surface reflectance data from Landsat-5 (30 m).

When combining Eqgs. 3.6 and 3.13 and rearranging the remaining algebraic terms, one gets

the following equation (Eq. 3.19) with two unknown variables (£, and S R;):

dSR
2 . - —
SReoi — SR s+ 5o+ =~ 1
. SR-SRei+ SR - 7.

(3.19)
1

The idea here is to solve Eq. 3.19 iteratively for S R,,;, then use the S R,,; to determine SR,

from Eq. 3.13. However, the k, parameter must be previously known. Modeling k, directly from
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multispectral data has limited applicability due to k, being associated with the Photosynthetically
Active Radiation (PAR) light spectrum. In this study, &, will be initially assumed to scale like an
equivalent extinction coefficient derived from vegetation indices (henceforth, k,), such that (Eq.

3.20):

ky~(C-k, (3.20)

where ( is a scaling constant factor between £, and k,. Baret et al. (1995) showed that £, and &,
could be scaled by a constant when deriving semi-empirical calibrated functions for determining
the fractional light transmittance from partitioned vegetation indices into soil and vegetation com-
ponents. In this study, k, values from on-site measurements of @goun, Pup, and LAI was calculated
from Eq. 3.1. Then, k, and k, values were linearly regressed. The k, variable is determined from
a non-linear vegetation index decomposition model based on the modified Beer-Lambert law and
indicated by Eq. 3.21 as follows (Hatfield et al., 1985; Clevers, 1989; Baret and Guyot, 1991;

Richardson et al., 1992; Gutman and Ignatov, 1998):

VI=VI.+ (VI — VL) -exp(—k, - LAI (3.21)

where V[ stands for a vegetation index (e.g., NDVI, SAVI, for instance); V' I. and V I, are the
VI values for bare soil (f. = 0) and fully vegetated (f. = 1) surfaces, respectively; k, is the

dimensionless parameter equivalent to an extinction coefficient (Baret and Guyot, 1991).

The main issue with Eq. 3.21 is determining V' I,,; and V' I. for every pixel in an image or
point-based multispectral data from a radiometer. V' I,,; and V' I, are functions of the unknown
variables SR, and S R., which imposes a critical limitation to directly obtaining V' I; and V' I, for
a given imagery pixel or point-based measurement. Also, Baret and Guyot (1991) indicate that
VI, is a function of soil texture, roughness, and moisture conditions of the shallow soil layer.

Hence, this study proposes to indirectly determine V' I;,; and V' 1. using V' I data for a given day of
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imagery or ground-based multispectral data. The V' I variable in this study was NDVI. The choice
for NDVI as the V' I was due to NDVI being a strong predictor for f. (e.g., Verstraete and Pinty,
1991; Gillies and Carlson, 1995; Wittich et al., 1997; Gutman and Iganov, 1998; Qi et al., 2000;
Zeng et al., 2000; Jiang et al., 2006; Montandon and Small, 2008; Johnson and Trout, 2012; Song
et al., 2017). NDVI is calculated as follows (Eq. 3.22):

NIR — Red

NDVI= —— 22
NIR 4+ Red (3.22)

where NIR and RED are the Near-infrared and Red surface reflectance data from a given remote

sensing sensor, respectively.

Rewriting Eq. 3.22 using NDVI as V' I gives the following mathematical expression for a mixed

NDVI value of soil and vegetation composites (Eq. 3.23):

NDVI = NDVI, + (NDVI,,; — NDVL,) - exp(—Fk, - LAI) (3.23)

The NDVI,,; — NDVI, difference term in Eq. 3.23 is related to f. through a unique semi-
empirical and quadratic function of NDVI, as indicated by Eq. 3.24 (Gillies and Carlson, 1995;
Gillies et al., 1997; Carlson and Ripley, 1997; Gutman and Ignatov, 1998; Brunsell and Gillies,
2002):

NDVI — NDVI,,; \ >
ﬂ==( l) (3.24)

NDVI, — NDVI,,;

where NDVI;,;; and NDVI. are the NDVI for bare soil and fully vegetated conditions, respectively.

Rearranging Eq. 3.24 provides an expression for NDVI as function of f., NDVI,., and NDVI,,;
(Eq. 3.25):
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NDVI = /f, - NDVI, + (1 — \/f.) - NDVI,; (3.25)

In Eq. 3.25, the only unknown variables are NDVI;,; and NDVI, since NDVI and f, are
calculated from the multispectral data of a given remote sensing sensor. Thus, using the chain rule
(similarly to the Eq. 3.9) when differentiating Eq. 3.25 with respect to f., the following equation

for the NDVI,. — NDVI;,; difference is given as follows (Eq. 3.26):

NDVI. — NDVI;,; =2 -/ f. - %(NDVI) (3.26)

Substituting Eq. 3.26 into Eq. 3.25 gives the following models for calculating NDVI,,; and
NDVI,, as indicated by Eqs. 3.27 and 3.28, respectively:

NDVI,,; = NDVI — 2 f, - %(NDVI) (3.27)
NDVI, = NDVI + 2- (\/7 - fc) : %(NDVI) (3.28)

In Eqs. 3.27 and 3.28, it is imperative to determine d(NDVI)/df.. In this study, the same
procedure proposed to calculate dS R/df, was considered to obtain d(NDVI) /df. for each pixel or

point-based data from each remote sensing sensor in the study.

After NDVI,,;; and NDVI, are calculated from Eqs. 3.27 and 3.28, respectively, k, is then
obtained by solving Eq. 3.23 as follows (Eq. 3.29):

1

NDVI — NDVI. \ L AT
NDVI;,; — NDVI.

k, = —In (3.29)
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Eq. 3.29 provides a non-iterative approach for k, that relies on determining NDVI. and
NDVI,,;;, since NDVI and LAI are known from the SR data. Also, %k, from Eq. 3.29 gives an
alternative approach to calculate k, for every imagery pixel or point-based data, given a valid
mathematical relationship between £, and k,. Thus, the novel model for £, in its full form, is

given by Eq. 3.30:

DVI — NDVI
(NV NVC) (3.30)

1
kp = Fo+ b (LA[) |\ NDVIL,; — NDVI,

where (3, and /3, are linear regression coefficients when statistically relating k, and £,,.

For the SR decomposition approach, LAI was retrieved from each remote sensing sensor using
the empirical model calibrated for row crops by Chévez et al. (2009b) and indicated below (Eq.

3.31):

LAI = 0.263 - exp(3.813 - OSAVI) (3.31)

where OSAVI is the Optimized Soil Adjusted Vegetation Index (Rondeaux et al., 1996). OSAVI is
an adjusted V'] to minimize soil background effects in the reflectance data through an optimized

adjustment factor set to 0.16 (Rondeaux et al., 1996) and calculated as follows (Eq. 3.32):

(3.32)

OSAVI = ( NIE — Red ) - 1.16

NIR + Red + 0.16

The LAI model (Eq. 3.31) from Chavez et al. (2009b) has been calibrated for row crops such
as sorghum and maize and has been applied in recent SEB ETa studies (Chavez et al., 2010b;
Chévez et al., 2012; Costa-Filho et al., 2020; Costa-Filho et al., 2021). Figure 3.1 summarizes the

proposed SR data decomposition approach in this research project.
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Figure 3.1: A flow chart summarizing the proposed approach for decomposing SR data. The purple, or-
ange, and blue boxes are the input, intermediate, and final products for a given surface reflectance band,
respectively.
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3.2 Machine-Learning Regression for Imagery Data Fusion

The ML regression algorithms were evaluated to determine the best models to improve the
accuracy of the sub-optimal remote sensing sensors. The training data for calibrating the ML re-
gression models were selected using the following criteria: Coinciding days when the optimal and
sub-optimal remote sensing sensors have data; if there were not enough coinciding days between
the optimal imagery and a given sub-optimal sensor, a £+ 1-day window were considered for days
without irrigation or precipitation events to obtain data under similar canopy and microclimate
conditions. For a short timespan (< 24 hours), the assumption that multispectral surface properties
for a given remote sensing sensor do not change significantly during clear-sky days, no registered
wetting events (e.g., rainfall or irrigation), and the same vegetation type is valid. Allowing for a

flexible timeframe when no coinciding data is available has been previously done by Houborg and
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McCabe (2018b) when fusing Planet CubeSat and Landsat-8 imagery using a regression tree ML

approach.

The following five ML regression approaches were evaluated to define the best ML model dur-
ing the training phase for a given remote sensing sensor and ETa algorithm: Linear regression
model (ordinary least squares); regression tree (fine tree); SVM (fine Gaussian kernel); GPR (ex-
ponential kernel); and random forest (bagged tree). The ML regression technique that provided the
best goodness-of-fit (e.g., smallest regressed ML RMSE) was considered the best ML approach to
adjust a given multispectral data for a given remote sensing of ETa model. In the end, the adjusted
SR data values are restored to a mixed pixel format (soil and vegetation combined) through Eq. 3.6.
Figure 3.2 summarizes the proposed SR data decomposition and ML spectral adjustment approach

in this study.

SR Data
> =
Decomposition

' .

SRseil Data SRc Data

QOriginal SR Data

Y y
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ML Regression
! Stop
b

Adjusted SRsoil

Adjusted SR
.| Adjusted SRc

Figure 3.2: Flow chart summarizing the proposed ML spatial and spectral data adjustment approach. The
purple box is the input data. The orange boxes are the intermediate outputs. The rounded diagonal rectangles
are algorithms used in the proposed approach. The blue rectangle is the final SR adjusted product.
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3.2.1 Linear Regression Model (Ordinary Least Squares)

Linear regression is a statistical modeling technique often used to estimate a dependent vari-
able using a set of independent predictors. Ordinary Least Squares (OLS) is an approach within
linear regression that aims to minimize the sum of squared deviations between the observed and
predicted values of the dependent variable. This technique requires that both the dependent and

independent variables are linearly related (Helsel and Hirsch, 1992).

In mathematical terms, a general linear regression model is represented by Eq. 3.33 below:

Yig1) = 1) X(gm+1) + 9jg,1) (3.33)

where 04,1}, (lg,1)» Y]g,1]> and X4 ,,,+1) are the residual, partial coefficient, response variable, and
predictor variable matrices, respectively, in which the first index is the number of rows and the
second index refers to the number of columns. The number of data points and predictor variables
are indicated by subscripts ¢ and m (¢ > m), respectively. The coefficients are determined during

the model training process to minimize the overall prediction error.

Linear regression in machine-learning applications focuses on optimizing the derivation of the
partial coefficient matrix values that minimize the sum of squared errors between predicted and ob-
served values of a given dependent variable. This partial coefficient optimization is often achieved
through iterations using optimization algorithms, such as the OLS (Yan and Su, 2009), based on
the model’s performance regarding the training datasets used for the machine-learning data assim-

ilation process (Hope, 2020).

The linear OLS is a curve-fitting technique that fits a line through a given dataset by minimizing
the distance between the data points and the fitted curve. For a simple linear regression case

scenario, in which there is only one independent variable X to predict the dependent variable
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Y, the OLS provides estimated values of the slope and intercept parameters of the linear model
through an optimization approach based on a linear system of equations given by Eqs. 3.34 and

3.35 below (Malud and Abdulazeez, 2020):

8 n

5e 2l = (Gt )l =0 (3.34)
% =1
g 2= (Gt Gan) =0 (3.35)

=1

The solutions of the linear system of equations composed by Eqs. 3.34 and 3.35 are the es-
timated regression coefficients (Ott and Longnecker, 2015) indicated by Eqs. 3.36 and 3.37 as

follows:

a= | - D — )] {Zm = B (336)
Zo =Y — 21T (3.37)

where 2, and z; are the intercepts and the slope estimates of the linear model, respectively.

3.2.2 Regression Tree and Random Forest (Ensemble Tree)

Regression trees are techniques for recursively partitioning a given dataset into smaller groups
to find more homogeneous clusters at each iteration (Yang et al., 2017). The regression tree for
model prediction divides a given dataset of dependent and independent variables into nodes (often
called "leaves") based on the values of a specific explanatory variable (Naghibi et al., 2016; Latif,
2021). The main goal is to predict the dependent variable values using the input data as they move
along the tree "leaf” structure. The prediction values of a variable of interest are determined by the

mean of the terminal node (the final node without further splits) where the unit ends up (Loh, 2011).
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In a single regression tree model, the training data values are partitioned into groups to gen-
erate the nodes. Each tree branch division is contingent upon the values of a specific variable,
determined by designated splitting criteria. Thus, when the tree algorithm structure is fully cre-
ated, the estimated dependent variable is calculated by following the tree path from the root node
down to the corresponding terminal node. This tree path is oriented by the observed values associ-
ated with the variables employed in the splitting decisions. The ultimate predicted response value
is straightforwardly derived as the mean of the responses within the pertinent terminal node, en-
capsulating the aggregate behavior represented by the chosen pathway (Gromping, 2009; Coulston

et al., 2016).

Similarly to the OLS approach, the regression tree algorithm focuses on minimizing the sum
of squared errors between observed and predicted values of the dependent variable within terminal
nodes. The process of partitioning the dataset into sub-groups is an iterative strategy that creates
a structure that resembles a tree. At each node or "leaf," the regression tree algorithm selects the
feature and corresponding threshold values that optimally divide the data. This iterative process
persists until a cut-off value is met, which is often the maximum depth for the tree or the minimum
number of samples in a leaf node (Torgo, 1997; Steinberg and Colla, 2009; Belitz and Stackelberg,
2021).

A Random Forest (Figure 3.3) is, by definition, an ensemble regression tree algorithm of mul-
tiple random decision trees derived from a given dataset, as introduced by Breiman (2001). A
random forest regression comprises a substantial number of individual trees. Each tree is created
from a different sample of rows, and at each node, a different sample of features is selected for
splitting. Each of the trees makes its prediction. The final values are averaged in the end. Through
independent and random data points, each tree branch is generated, with the upcoming division
branches being created from sub-groups within the original training data set. Since the creation

of a large number of trees is often a random process due to the variability within the original and
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subsets of the training dataset, each regression tree often provides different predicted values of a

given dependent variable (Gromping, 2009).

Sample Input

Prediction 1 Prediction 2 [ . ] Prediction N

Average all predictions

v

Random Forest
prediction

Figure 3.3: Random forest regression layout (Segura et al., 2022). Multiple regression trees are generated,
and the average of the predictions is the estimated value of the random forest for a given response variable.

3.2.3 Support Vector Machine with a Gaussian Kernel

The SVM machine-learning algorithms are often used in a wide range of applications that in-
clude data classification (Bhavsar and Panchal, 2012) and prediction of any variables of interest
(Zendehboudi et al., 2018). When used for model prediction, SVM techniques focus on estimat-
ing continuous variables from a given input data group (Noble, 2006; Deka, 2014). SVM model
predictions are based on the hyperplane concept, which represents the relationship between the
dependent and independent variables considered for a given model. With the use of a Gaussian

kernel, the SVM machine-learning algorithm is able to capture non-linearity patterns that might be
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present in a given dataset (Ben-Hur et al., 2008; Salcedo-Sanz et al., 2014).

The mathematical formulation of an SVM algorithm for prediction is based on the determina-
tion of a model that deviates from the observed and dependent variable by a fixed threshold and
with the lowest model parameter values to minimize prediction errors (Scholkopf et al., 1997).
That is, an SVM algorithm defines a margin of tolerance to reduce prediction error by individual-
izing the hyperplane (boundary lines), which maximizes the margin of tolerance and allows part of

the error to be accepted in the predictions (Figure 3.4).

y

Input space Kernel space

Figure 3.4: The SVM regression approach highlighting the margin of tolerance (¢), the non-negative pa-
rameters &; and &, and the transformation function ¢ (Salcedo-Sanz et al., 2014).

The SVM for regression is based on the following model criteria, given by Eq. 3.38 as follows

(as described by Salcedo-Sanz et al., 2014):

min B||w||2+oz (@-+§;)} (3.38)

=1
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with respect to w and to £ and constrained to the following algebraic relationships (Eqgs. 3.39 and

3.40):

Yi — (<¢($i),w> + b) <e+&, 620 (3.39)

(<¢(xi),w> + b) —y<ed &, E>0 (3.40)

where &; and & are auxiliary data points for training samples that have estimation errors larger than
the margin of tolerance (¢); w and b are linear classified parameters in RY; C'is the regulation error
parameter which controls the trade-off between achieving a small training error and maintaining a

wide €; and the pair of points x;, y;, 1s the training data set, with ¢ =1, 2, 3, ..., n.

For an SVM regression with a given kernel function, the machine-learning data assimilation
algorithm determines the regression coefficients that minimize the following function indicated by

Eq. 3.41 as follows (Cortes and Vapnik, 1995; Vapnik, 1999):

n n n

L(a) =5 ) (o —af) (o — a))Glwi,y:) + € Y _(a; +af)

i=1 j=1 i=1

Y il +ap) , with) (@, —al) =0 (341
i=1 i—1

N | —

where o, o, o, a;f, oy, and o) are non-negative multipliers for each pair of points x;, v;; G (24, y;)
is the kernel function, and L(«) is the distance between observed value y and e. The values of «,

and o are between 0 and C.

After the regression coefficients are calculated, the SVM function used for prediction is given

by Eq. 3.42 as follows (Cortes and Vapnik, 1995; Vapnik, 1999):
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n

fl@) = (on—a}) - Glan,x) +b (3.42)

i=1
where f(x) is the predicted value of the SVM kernel regression model for any given input = data

value.

A kernel is a mathematical function that provides some insight into the similarity between data

points in the SVM hyperplane space, and it is given by Eq. 3.43 below (Vapnik, 1999):

G(xi, v5) = (p(x:), d(x;)) (3.43)

where ¢(x) is a transformation function that translates the original data points in an x-y cartesian

frame to a high-dimensional space (kernel space).

Any given kernel function assigns higher weights to nearby points and lower weights to those
farther away, which enables the SVM machine-learning algorithm to identify any pertinent local
relationships in the data. In other words, the Gaussian kernel determines the influence of each data
point on the respective estimated value of the dependent variable and emphasizes those data points

that are more relevant (Chapelle et al., 2008; Mammone et al., 2009; Kausar et al., 2011).
The Gaussian kernel function is a non-linear exponential model indicated by Eq. 3.44 below:

G(zi,y;) = e:tp( — ||z — xj||2> (3.44)

3.2.4 Gaussian Process Regression with an Exponential Kernel

The GPR machine-learning algorithms are non-parametric models based on probabilistic (bayesian)
theory that use kernel functions to derive the probabilities associated with estimating specific pa-

rameters to obtain predictions of any variable of interest. Through the introduction of input data
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adjusted from a Gaussian process and explicit basis functions, a GPR prediction algorithm is able
to determine the best set of values that are representative of estimating a given outcome based on
the independent variable data (Seeger, 2004; William and Rasmussen, 2006; Rasmussen and Nick-

isch, 2010).

A Gaussian process consists of a set of random variables that have a joint Gaussian distribution.
It does not have rigid parameters since it is not limited by a Y = f(z;,y;) functional form. It’s
derived from the Bayesian linear regression model. The Gaussian process can be characterized by
a mean function and a covariance function, with systematic prediction errors assumed to follow a
normal distribution. In mathematical terms, the mean function m(z) and the covariance function
k(z,z;) of a given model f(z) are given as indicated by Eqs. 3.45 and 3.46 as follows (Rasmussen

and Nickisch, 2010):

m(z) = E( f(:c)) (3.45)

k(z,z;) = Cov [f(w), f(rvj)} =E [f(flf) —m(z)f(x;) —m(z;) (3.46)
where E(f(x)) is the mean function, Coov[f(z), f(x;)] is the covariance function, and f(x) is a
assumed to be a Gaussian process.

In vector notation, a GPR model is given by Eq. 3.47 below (Williams and Rasmussen, 2006):

P(ylf, X) ~ N(y|HB + f,0°I) (3.47)

where X, y are the training data points; H is a set of basis functions responsible for adjusting the
original data vector in ¢ to a new vector data in i*?; f is the Gaussian process function; 3 is a
p-by-1 vector of Bayesian coefficients; o2 is the variance; [ is the identify matrix. The notation

P() ~ N() indicates that the probability function is normally distributed.
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In Eq. 3.47, the terms X, y, H, and f are n-by-1 vectors indicated by Eqs. 3.48 to 3.51,

respectively (Seeger, 2004):

X — . (3.48)

y2 (3.49)

H = . (3.50)

f(x1)
fo f(sz) 3.51)

The covariance function K (z, ;) is defined as a set of kernel parameters or hyperparameters

(¢) based on the joint probability distribution in the GPR algorithm, as indicated by Eqgs. 3.52 and

3.53 below (Seeger, 2004):

P(fIX) ~ N[f]0, K(X, X)] (3.52)
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k(xy,z1) k(xy,za) ... k(zy,z,)
(X, X) = k(l'g., 1) k(l'z., Ta) . k(a:Q., Tp) (3.5%
k(xn,x1) k(x,,x) ... k(zp,z,)

To estimate the GPR model parameters o2, 6, and f3, it is necessary to maximize the likelihood

P(y|X) as indicated by Eqs. 3.54 and 3.55 as follows (Williams and Rasmussen, 2006):

3,0,6% = arg max logP(y|X, 8,0, 0?) (3.54)

log P41, 3,0,0%) = 3 (y — HO)'IK(X, X|0) + 0°L,) " (y — HP)

1
- glog(ZW) — 5logl K(X,X|0) + L] (3.55)

A

where H is the vector of explicit basis functions; K (X, X |0) is the covariance function matrix; /3,

~

0, 5% are the respective estimates of 3, 6, and o2.

When using GPR for the prediction of a given dependent variable, it is necessary to determine
the probability density function P(ypred|y, X, Zprea), Which is calculated as indicated by Eq. 3.56

as follows (Williams and Rasmussen, 2006):

P(yprem y‘X, xpred)
P(y|X> xpred)

P(ypred’ya X, xpred) = (356)

Thus, the GPR model prediction for a new dataset that encompasses data points that were not

used during the training phase (Zpew, Ynew) 1S given by Eq. 3.57 as follows (Seeger, 2004):
-1
B el X. s $.0%) = ) 5 K ey XI0) (KX XI0)+0°T, ) (9= H5) (35T
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3.3 The Reflectance-based Crop Coefficient Approach (RBCC)

The RBCC model is based on the notion of ETa being determined as the product of a given

crop coefficient and a standardized E'T,.¢ (e.g., alfalfa or clipped grass) as indicated by Eq. 3.58:

ET, = K., - ET,e; (3.58)

where E/'T), is daily crop evapotranspiration (mm/d); K, is the basal crop coefficient of a given veg-
etation (dimensionless); £7,. 5 is the daily reference evapotranspiration from either alfalfa (£7.)

or clipped grass (F'T,) standardized surfaces (mm/d).

The RBCC ETa model assumes that the crop coefficients and remotely sensed vegetation in-
dices are linearly correlated (Bausch and Neale, 1987). Thus, Eqgs. 3.59 and 3.60 give the RBCC

ETa generic formulation:
ETH — K, . ET,.; (3.59)

Kcr = aj - VI + asg (360)

where ET&RFL] is the RBCC daily actual crop evapotranspiration (mm/d); K., is the reflectance-
based crop coefficient (dimensionless); V' I is the vegetation index from remote sensing; a; and
a9 are the slope and intercept of the K., model, respectively. The superscript "RFL" in Eq. 3.59

refers to surface reflectance.

3.3.1 NDVI-based RBCC Algorithm

The Neale et al. (1990) RBCC ETa model was calibrated using daily maize ETa from weighing

lysimeters and multispectral data from a handheld EXOTECH radiometer with a 1 m footprint and
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similar spectral data to Landsat-5. Neale et al. (1990) calibrated their K .. model using data from

a maize field under surface (furrow) irrigation, as indicated by Eqgs. 3.61 and 3.62 below:

ETY = KNI . BT, (3.61)
KNl = 1,181 - NDVI — 0.026 (3.62)

where ETi&Ve] is the Neale et al. (1990) RBCC model for daily maize ETa (mm/d); ET,; is the
daily alfalfa-based reference evapotranspiration (mm/d); K29 is the Neale et al. (1990) maize
crop coefficient model (dimensionless); The superscript "[/Ne]" refers to the Neale et al. (1990)

ETa model.

3.3.2 SAVI-based RBCC Algorithm

Bausch (1995) model developed a crop coefficient curve using SAVI data derived from the
same EXOTECH handheld radiometer mounted on a boom (5-m footprint), with a similar Landsat-
5 spectral response, by linearly interpolating K, values from the bare soil (= 0.15) to effective
maize canopy cover (= 0.93). Huete (1988) developed SAVI as an adjusted vegetation index
to minimize soil background effects through a soil background attenuation factor set to 0.50, as
commonly used in several previous studies (e.g., Huete, 1988; Gilabert et al., 2002; Glenn et al.,
2010; Ren et al., 2018; Carpintero et al., 2020). Bausch (1995) also set the SAVI adjustment factor
to 0.50 when calibrating its K., model. The RBCC ETa model from Bausch (1995) was developed
using data from maize fields under center-pivot sprinkler irrigation and indicated by Egs. 3.63 and

3.64 below:

eT™ = KIP' . ET,, (3.63)

KBl = 1416 - SAVI 4 0.017 (3.64)

o
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where ETa[f} is the Bausch (1995) RBCC model for daily maize ETa (mm/d); Kc[f} is the Bausch
(1995) maize crop coefficient model (dimensionless); The superscript "[B]" refers to the Bausch

(1995) ETa model.

The SAVI variable (Huete, 1988) is calculated as follows (Eq. 3.65):

NIR — Red
AVT = 14T .
SAVI = e Rearp D (3.65)

where L is the soil-background adjustment factor, set to be equal to 0.50 (Huete, 1988).

3.3.3 f.-based RBCC Algorithm

Trout and DeJonge (2018) model derived their K. model using f,. values calculated from a
digital multispectral camera, 6 m above ground surface (AGS). Trout and DeJonge (2018) model
was calibrated using measured ETa from a SWB approach (Eq. 1.1) during a six-year data col-
lection period. Trout and DeJonge (2018) developed their calibrated K., model in a surface drip

irrigated field, as indicated by Eqs. 3.66 and 3.67 below:

ET™ = K. ET,, (3.66)

KT =110 f.+0.17 (3.67)
where ET!" is the Johnson and DeJonge (2018) RBCC model for daily maize ETa (mm/d); K[’

is the Trout and DeJonge (2018) maize crop coefficient model (dimensionless); The superscript

"[T]" refers to the Trout and DeJonge (2018) maize ETa model.

Johnson and Trout (2012) f. model was used in the Trout and DeJonge (2018) RBCC model

since it has been used in other publications (e.g., Kullberg et al. 2017), as indicated by Eq. 3.68:
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1.26 - NDVI — 0.18 ,NDVI > 0.15
fi = (3.68)

0 , otherwise

3.4 One-Source Surface Energy Balance Approach (OSEB)

The OSEB model is a complex method to derive estimates of ETa using remote sensing and

micrometeorological data. The simplified SEB is given by Eq. 3.69 as follows (Tanner, 1960):

LE=R,-G—-H (3.69)

where all terms on Eq. 3.69 are given in W/m?.

The R, flux (Eq. 3.70) is calculated using the common net radiation budget model (Monteith

and Szeicz, 1961) as follows:

Ro=(1—a,) Rites-eq-0-Th —es-0-Th (3.70)

where o is surface albedo (dimensionless); R, stands for shortwave incoming solar radiation
(W/m?); ¢, is the air emissivity (dimensionless); €, is the surface thermal emissivity (dimension-
less); o is the Stefan-Boltzmann constant (5.67 - 1078 W/m? /K*). T,x and T, are air and nadir

surface temperatures (K), respectively.

In this study, the surface albedo was calculated based on Brest and Goward (1987) linear mul-
tivariate model that relates o, to RED and NIR surface reflectance bands. Air emissivity has been
calculated for clear-sky conditions using Brutsaert (1975) nonlinear model that relates €, to vapor

pressure (e,, mb) and T}, . Surface thermal emissivity has been determined using Brunsell and
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Gillies (2002) model that linearly interpolates e, from bare soil to full canopy cover conditions
based on NDVI values. The values of ¢, for bare soil and full-cover vegetation are approximately
0.93 and 0.98, respectively (Caselles et al., 2011; Campbell and Wynne, 2011; Lillesand et al.,
2015).

Several different empirical models in the literature estimate the G flux using remote sensing
data (e.g., Choudhury et al., 1987; Jackson et al., 1987; Kustas and Daughtry, 1990; Bastiaanssen
et al., 1998; Su, 2002; Chévez et al., 2005). In this study, G was estimated using the Su (2002)
model since it is a widely used approach in many SEB studies that deal with remote sensing images
for ETa modeling at different spatial scales (e.g., Mcabe and Wood, 2006; Verstraeten et al., 2008;
Tang et al., 2010). The Su (2002) G model interpolates the GG/R,, ratio between bare soil to
effective canopy cover conditions using f. as a weighting factor as follows (Eq. 3.71):

G

R_n = Fc + (1 - fc)(Fs - FC) (371)

where I'. and T'; are the G/ R, ratios for full canopy and bare soil conditions equal to 0.05 (Kustas

and Daughtry, 1990) and 0.315 (Monteith, 1973), respectively.

The OSEB model for ETa relies on the single-source bulk aerodynamic resistance approach for

H given by Eq. 3.72 (as in Thom, 1972):

Tah

H=po-Cp- (T" - T“) (3.72)

where p, is the air density (kg/m?), C,, is the specific heat of the air (J/kg/K), and r, is the
bulk aerodynamic resistance to surface heat transfer (s/m), T, and T, are the surface aerodynamic

and air temperatures (/K), respectively.
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The air parameters p, and C),, are calculated as indicated by Eqs. 3.73 to 3.74, respectively (as

used in Ham, 2005):

P 0.378 - ¢,
= l—- — .
= () (1= =5 6.73)
0.522 - ¢,
Clho = 1004.7 - (1 + Te> (3.74)

where P is the local atmospheric pressure (Pa); e, is actual vapor pressure (Pa); R, is the gas

constant for dry air (= 287.04 J/kg/K).

There are several approaches for estimating the temperature difference 7, — 7;, or 7, itself in
Eq. 3.72 (e.g., Bastiaanssen et al., 1998; Roerink et al., 2000; Su, 2002; Marht and Vickers, 2004;
Chévez et al., 2005; Allen et al., 2007; Senay et al., 2007; Senay, 2018; Costa-Filho et al., 2021).
This study chose the approach from Costa-Filho et al. (2021) since it has been locally calibrated
using maize field data from Colorado with promising results in minimizing the uncertainty regard-
ing T}, estimation. This 7;, modeling approach does not require subjective decision-making of “hot”
(high) and “cold” (low) surface temperature thresholds to determine the temperature difference in
Eq. 3.72 (for more details, see Bastiaanssen et al., 1998; Roerink et al., 2000; Su, 2002; Allen et
al., 2007).

The 7, term has been adjusted for atmospheric stability using the Monin-Obukhov stabil-
ity theory (Monin and Obukhov, 1954) and correction functions (Paulson, 1970; Webb, 1970;
Businger et al., 1971; Verma, 1989). More details about r,;, calculations are extensively detailed
in Appendix A. The OSEB approach for H based on 7, modeling was developed using SR and
thermal data from a handheld MSR radiometer (Cropscan, Rochester, MN), a proximal remote
sensing sensor with similar spectral resolution as Landsat-5 and sampling area equivalent to a 1-m
diameter. Figure 3.5 summarizes the OSEB algorithm. The 7}, optimized model for maize sensible

heat flux is given as follows (Eq. 3.75):
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;

—8.742 - f. +0.571 - T, + 0.529 - T, 4 0.806 - 7, + 3.295, 0.85 < LAI < 1.50

—9.168 - f, +0.485 -1, + 0.575 - Ty — 0.160 - r, + 6.491, 1.50 < LAI < 2.50
1T, = (3.75)

4.708 - f. 4+ 0.350 - T, 4+ 0.580 - T + 0.086 - r,,, 2.50 < LAI < 3.50

\ —1.912- f, +0.443 - T, + 0.509 - T + 0.115 - r, + 5.014,3.50 < LAI < 5.00

where T, is the local air temperature (°C'); T is the local nadir-looking surface temperature (°C');
1, is the turbulent-mixing row resistance (s/m). More details on how to calculate 7, are provided

in Appendix A.
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Figure 3.5: A simplified OSEB algorithm flowchart to estimate instantaneous ETa from remote sensing
data. The purple boxes indicate inputs. The rounded diagonal corner rectangle is the ETa algorithm. The
orange boxes are the intermediate outputs. The rounded diagonal rectangle is the ETa algorithm. The blue
rectangle is the final ETa product.

3.5 Two-Source Surface Energy Balance Approaches (TSEB)

The TSEB approach was developed and validated by Kustas et al. (1995) using a radiometer
(1° FOV) attached to a helicopter (airborne sensor). The flight altitude was 300 m AGS, which
provided a sampling area equivalent to a 5-m diameter. The TSEB partitions the simplified SEB

model (Eq. 3.61) into vegetation and soil components as follows (Egs. 3.76 to 3.79):
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LE =LE.+ LE,; (3.76)

LE. = Rn. — H, (3.77)
LEsoz'l - Rnsoil - G — Hsoil (378)
G = 0.35 - Rngy (3.79)

where the subscripts “soil” and “c” refer to the soil and canopy layers, respectively. All terms in
Egs. 3.76 to 3.79 are given in W/m?. The G model is the soil heat flux approach recommended
by Norman et al. (1995) as a fraction of the net radiation from the soil layer during midday condi-

tions coinciding with most spaceborne remote sensing sensors overpass time.

Egs give the partitioning of R,,. 3.80 and 3.81 (Norman and Kustas, 2000):

Rnsoil = Rs,soil + Ln,soil (380)
Rn, = Rs,c + Ln,c (381)

where R, 505 and L, s, are the short-wave and long-wave incoming and outgoing radiation from
the soil layer (W/m?); Rs . and L,, . are the short-wave and long-wave incoming and outgoing ra-

diation from the vegetation layer (W/m?).

The Rn. and Rng,; terms in Egs. 3.80 and 3.81 are calculated following the approaches by
Norman et al. (1995), Kustas and Norman (2000), and Colaizzi et al. (2012) and indicated by Eqgs.

3.82 and 3.118, respectively:

Rn, = (1 - Qsolar)<1 - OKC)RS + 6:Bp(—095LA[)L8ky—|—
(3.82)

[1— e:vp(—O.%LAI)]eCUTfK — esoilaTSA‘OﬂK
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Rngoit = Qsorar(1 — asoi) Rs + [1 — exp(—0.95LAT)]-
(3.83)
[€a0The 4 oo T i — 2€c0T ]
where (2., 1S the solar atmospheric transmittance (dimensionless); o, and ay,; are the canopy
and bare soil albedo (dimensionless), respectively; €. is the canopy thermal emissivity (dimension-
less); €50 1S the bare soil thermal emissivity (dimensionless); 7.5 is the canopy temperature (K);

Tsoirx 1s the soil temperature (K); 7}k is the air temperature (K). L, is the long-wave radiation

from the sky (W/m?).

The o, and «y,; were calculated following the approaches by Costa-Filho et al. (2020) and
Post et al. (2000), respectively. Costa-Filho et al. (2020) calibrated an exponential model that
relates maize albedo and green LAI for a semi-arid climate region. Post et al. (2000) developed a
multivariate model that relates a,;; and the visible surface reflectance bands of the light spectrum
(RED, GREEN, and BLUE). The €2, variable was calculated using the non-linear model from
Norman and Jarvis (1975), in which the ), is a function of LAI, surface absorptivity factor
(Norman, 1989; Gates, 2012), light extinction coefficient (Campbell and Norman, 1998), and the
fraction of incident Photosynthetically Active Radiation or PAR (Goudriaan, 1977; Nikolov and

Zeller, 1992; Spokas and Forcella, 2006).

The partition of 7 considers f, as the weighting factor to quantify the contribution of vegeta-
tion and soil composites towards the thermal characteristics on a pixel-by-pixel basis (Norman et
al., 1995) as follows (Eq. 3.84):

1/4
T K = | fIN T K+ (1 — fINhT2 (3.84)

c

where fC[N] is the TSEB fractional vegetation model, with the superscript “N” indicating the model
proposed by Norman et al. (1995). The fC[N} model in the TSEB approaches. More details are

found in Norman et al. (1995) and Norman and Kustas (2000). Figure 3.6 summarizes the TSEB
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Figure 3.6: A simplified TSEB algorithm flowchart to obtain instantaneous ETa from remote sensing data.
The purple boxes indicate inputs. The rounded diagonal corner rectangle is the TSEB ETa algorithm. The
orange boxes are the intermediate outputs. The blue rectangle is the final ETa product.

3.5.1 Parallel Resistance TSEB Algorithm

When partitioning H, TSEBpar, and TSEBser have different approaches based on their as-
sumptions regarding the interconnection between heat and water vapor transfer mechanisms. For
the TSEBpar, since heat and water vapor exchanges between the surface and atmosphere are con-

sidered independent processes, the partition of H is given as follows (Egs. 3.85 to 3.87):

Fylpar] — H(gpaﬂ + HS[Z‘;;“] (3.85)
T.— T,

HP — - C (T) (3.86)
ar Tsoi - Ta

Ho' = pa - Cpa- (ﬁ) (3.87)

where T, and T,; are given in K; 74, is the soil resistance to heat transfer (s/m). p, and C,, are
the air density (kg/m?) and the heat capacity of air (J/kg/K), respectively; 7, is also given in

s/m. The superscript “par” refers to the parallel TSEB model. More details on how to calculate
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T'soi are given in Appendix B.

For the TSEBpar algorithm, the initial assumption regarding the initial value for L E. was based

on the original work from Norman et al. (1995) and indicated by Eq. 3.119 as follows:

A
LEc,i = |:]-30fg (m)] [Rnc + Rnsoil - (R’I’LC + Rnsoil) . 6!Ep(090 . ln(l — fiN]))] (388)

where LI, ; is the initial guess value for iterating Tex and 105 (W/m?) and f4 1s the green frac-

tion of LAI (dimensionless), calculated as indicated by Norman et al. (1995).

3.5.2 Series Resistance TSEB Algorithm

For the TSEBser, the exchanges of heat and water vapor between the surface and the atmo-
sphere are considered co-dependent processes, which gives the following partitioning models for

H (Eqgs. 3.89 and 3.90):

T(Eser} . Ta
H[ser] = P - Cpa . (T) (389)
Ta Tsoil TC
Tah | Teoit | Ta
T(Eser} _ (ih szl 135 (3.90)

Tah Tsoil Ty

where 7! is the weighted aerodynamic surface temperature derived for the TSEBser algorithm
(K); r, is the total boundary layer resistance (s/m). The superscript “ser” refers to the series

TSEB model. More details about the 7, calculations are found in Appendix B.
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For the TSEBser algorithm, the modified approach by Colaizzi et al. (2012) has been consid-
ered to estimate 7. during the first iterative process. Colaizzi et al. (2012) proposed a modified
PM-65 model for an initial 7. guess instead of the Priestley and Taylor L F,. model (Priestley and
Taylor, 1972) for the TSEBpar approach, as suggested by Norman et al. (1995). Colaizzi et al.
(2012) have indicated that the Priestley-Taylor model for L E,. might underestimate total LE from
the TSEBser approach for large vapor pressure deficit (VV P D) conditions during warm, cloud-free,
and advective days. Thus, this study considered both the TSEBpar and TSEBser with different ini-
tial LE, and T, models to include updated sub-models from the existing literature. The modified
PM approach for an initial 7, value is indicated by Eq. 3.120 (Jackson et al., 1981; Colaizzi et al.,
2012):

Rne-rap - y(1 +7e/ran) es — €q4

T.o=1T,+ —
© Pa Cpa[A (14 7re/ran)] A+ (14 1e/Tan)

(3.91)

where T o is the initial guess for canopy temperature (K); y is the psychometric constant (kPa/°C');
r. is the bulk canopy resistance (s/m); A is the slope of the saturation vapor pressure curve
(kPa/°C); es and e, are the saturated and actual vapor pressures in k Pa, respectively. The calcu-

lation of r. is described in Appendix B.

3.5.3 SEB Model Extrapolation: From Hourly to Daily Crop ETa

The LE is converted from W/m? to hourly ETa (mm/h) using Eq. 3.121 as follows:

LE

ETah:Of'df'A p

(3.92)

where ET;, is the hourly instantaneous actual crop ETa (mm/h); d; is a time scale factor in sec-

onds (e.g., 1 A =3,600 s); \, is the latent heat of water vaporization (J/kg); p,, is the water density
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(kg/m?); (Y is a length scale factor (e.g., 1,000 mm/1 m).

Egs. 3.122 and 3.123 indicate the SEB and E'I,  approaches, respectively:

LE,
FF,= ——"_=>~FF 3.93
R _a d (3.93)

ET,;
ETrF, = ® ~ ETrF .94
rk; FT; rF, (3.94)

where E'F' is the evaporative fraction from the SEB results (dimensionless); E'TrF; is the grass

(E'T,) or alfalfa (E'T).) evaporative fraction approach (dimensionless). The subscripts “i” and “d”

stand for instantaneous and daily timesteps, respectively.

When the EF or ETr I are determined, daily ETa from the SEB is calculated by Eqgs. 3.124

or 3.125, respectively:

86, 400
ET) = EF;- (R, — G)q- ( A’p > (3.95)
ETW = ETrF - ET,.; (3.96)

where ET.” and ET.™ are the actual daily ETa (mm/d) from the SEB and ET'rF' approaches,
respectively; (R, — G)q is the daily averaged available energy (W/m?); \, and p,, are the latent

heat of vaporization (.J/kg) and density of water (kg/m?), respectively.

The grass-based evaporative fraction approach was chosen in this study due to the following

reasons:

a) Heat advection is a relevant environmental factor in most agricultural fields located in the
USA semi-arid regions when dry and warm air from external areas flows above cooler irri-

gated fields (Figuerola and Berliner, 2005; Kutikoff et al., 2019).
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b)

c)

d)

3.6

The SEB evaporative fraction extrapolation method relies on daily R,, and G values (Chavez
et al., 2008; Consoli and Vanella, 2014). Measuring on-site 1,, and G might not be an
easy task for farmers or agricultural stakeholders with limited access to proper training and
skilled labor resources outside scientific research institutions. Furthermore, estimating daily
R, and G using approaches such as the FAO-56 bulletin or the ASCE modified PM-65
equation (Allen et al., 1998; Allen, 2000; ASCE-EWRI, 2005) introduces another level of
uncertainty in ETa estimation due to underlying assumptions regarding daily G (Gavilan et

al., 2007; Chavez et al., 2008).

Some published studies in the literature use the evaporative fraction from either grass (£7},)
or alfalfa (F'T}.) data to estimate daily ETa from remote sensing OSEB and TSEB models
(Trezza et al., 2013; Colaizzi et al., 2014; Zhao et al., 2020). Slight underestimation (< 5%)
has been reported when evaluating the performance of the ASCE-EWRI (2005) hourly ET,

in Nebraska, a semi-arid climate condition similar to Colorado (Irmak et al., 2008).

Chévez et al. (2008) have indicated that, when using grass E'T, instead of alfalfa E'T,. data
in the T’ I extrapolation method, better performance of daily ETa products is achieved for

row crops such as maize and soybeans.

Research Sites and Instrumentation

3.6.1 Limited Irrigation Research Farm (LIRF)

The LIRF facility is a research farm managed by the United States Department of Agricul-

2017,

ture—Agricultural Research Service (USDA-ARS) in Greeley, Colorado, USA (Figure 3.7). The
local climate is described as subtropical steppe with cold semi-arid trends (Peel et al., 2007). Lo-
cated at latitude N 40.4463°, longitude W 104.6371°, and elevation of 1432 m, the facility has two

rectangular-shaped irrigated maize fields that supported the extensive data collection campaign in

2018, 2020, 2021, and 2022 from July to September. The field dimensions are 190 m x 110
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m, and the sub-surface drip was the irrigation system in each field. The drip irrigation emitters

were 0.30 m apart, buried 0.23 m deep at a 0.76 m distance between rows.

The experimental design and data collection stations at LIRF for the years 2020 and 2021 are
shown in Figure 3.8. Each of the maize fields had the same irrigation system, a subsurface drip
irrigation setup, which had the drip laterals buried at a depth of 0.23 m and emitters spaced every
0.30 m. The maize rows had a North-South orientation and were spaced 0.76 m apart. The distance
between adjacent maize plants was 0.17 m. The planting density for maize remained consistent
at 87,500 plants per hectare during both years. In 2020, the selected maize variety was NK9227-
5222A (Syngenta Inc., Basel, Switzerland), known for its drought tolerance. Planting took place
on May 6, 2020, and the harvest occurred on October 13 and 14, 2020. In 2021, there was a
change in maize varieties with the introduction of other drought-tolerant maize options: P9998Q
and PO157AMXT (Pioneer Hi-Bred International, Inc., Johnston, Iowa, USA), along with CH 194-
49 DG (Channel Bio Corporation, Saint Louis, Missouri, USA). Planting for this year was carried
out on May 13, 2021, and the harvest took place on October 11 and 12, 2021. Fields W and E,
each comprising approximately 83% of their respective plots, were planted with the maize variety

PO157AMXT, as indicated in Figure 3.9.
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Figure 3.7: False-color image of the LIRF research site. The study maize fields were Fields W and E. Areas
in red are vegetated surfaces.
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a) LIRF 2020 Season b) LIRF 2021 Season
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Figure 3.8: The LIRF facility in Greeley, CO. A weather tower was installed at the non-water stress field to
calculate BR ETa data. Soil water content sensors were installed at the measurement stations (red circles)
to measure ETa through the SWB approach. An EC energy balance system was installed between the two
maize fields.

N
P9998Q
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P9998Q
Maize Variety
CH 194-49 DG
Maize Variety
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Figure 3.9: Plant variety map at LIRF (Fields W and E) in 2021. Most of the area was occupied by the
PO157AMXT maize variety.
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For each respective data collection season, each field was subjected to different irrigation wa-
ter management strategies. In 2020, the West Field, hereafter referred to as Field W, was fully
irrigated. In this context, "fully irrigated" represents the conditions in which frequent irrigation
events were scheduled to maintain soil moisture in the crop (maize) root zone at non-water stress
levels. Conversely, the East Field, designated as Field E, was managed as a deficit-irrigated field,
resulting in water stress conditions throughout the growing season. In 2021, the irrigation water
management practices were switched between these treatment plots. Field W was transformed
into the deficit-irrigated field, while Field E became the fully irrigated plot. A summary of the
soil wetting events, which include irrigation and rainfall, for the years 2017 to 2022, is provided
in Table 3.1. The water-deficit irrigation approach at LIRF has consisted of two major irrigation
events throughout the entire season (May to September): First irrigation during Mid-July (before
vegetation rapid growth) and second irrigation water application during the canopy maturity stage

when vegetation reaches maximum values of LAI and canopy height (Mid-August).

Table 3.1: Cumulative soil wetting events (irrigation and rainfall) at LIRF Fields from 2017, 2020, 2021,
and 2022.

Irrigation Growing Research Cumulative Gross Cumulative
Irrigation Events
Scheduling Season Field Irrigation (mm) Rainfall (mm)
2017 E 2 118 90
2020 W 5 472 36
Fully Irrigated 2021 E 4 330 98
2022 w 7 509 79
2017 w 8 368 90
2020 E 3 309 36
Deficit
2021 w 2 176 98
Irrigated
2022 E 6 336 79

The LIRF fields have different soil texture properties (Figure 3.10). Field 1 has a larger, lighter

(sandy) area than Field 2, with sandy loam as the predominant soil texture. Field 2 has a thin layer
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comprised of a sandy loam envelope at a shallow root zone soil depth (< 20 cm) that becomes
loamy sand to clay loam at the remaining soil depths (for more details, see Costa-Filho et al.,
2020). The maize plant density was 9 plants/m? (86,487 plants/ha) for all years of data collection.
In 2020, seed planting and maize emergence happened on 5/6/2020 and 5/18/2020, respectively.
Maize planting and emergence occurred on 5/13/2021 and 5/25/2021 during the 2021 season, re-
spectively. The maize fields did not lack nutrients (e.g., macro-nutrients Nitrogen, Phosphorus,

and Potassium) in all years of data collection.

LIRF Veris ECa Survey 2021
. Date: April S5th 2021

.
2021 . - 327
B <=a26
EC(mS/M) gy 408
Depth 0-90cm MM <- 528
<= 239 I <-s83

<= 288 =55 0 20 0 40 80 120 160
<= 334 . -2 ™ | Meters

Figure 3.10: Soil apparent electrical conductivity (ECa, mS/m) map during the LIRF pre-season in April
2021. Spatial ECa data were measured using a Veris soil scanning sensor (Veris Technologies, Salina, KS).
ECa is associated with the soil’s capacity to conduct electricity. Figure credits to Kevin Yemoto.

The experiment design at LIRF in 2017 and 2022 was quite similar to the 2020 and 2021 sea-
sons (Figure 3.11). Nonetheless, each maize field had two ancillary measurement stations. An EC
system provided measured ETa data in 2017 from July to August. Furthermore, each field had its

weather tower with hygrometer instruments to measure air temperature (7)) and relative humidity
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(RH) at five heights AGS. These weather towers provided data to determine surface heat fluxes
(e.g., H and LE fluxes) and daily maize ETa through the BR method. Soil water content sensors
(Decagon Devices Inc., Pullman, WA) provided measured ETa through the SWB approach at lo-

cations F1, F2, D1, and D2 (Figure 3.11).

The maize variety was Dekalb 51-20 (Bayer Crop Science, Leverkusen, Germany) in 2017
at LIRF. The plant density was 87,500 plants/ha. Tillage was accomplished by strip-tilling before
planting, which occurred on the day of the year (DOY) 152 in 2017. Nitrogen fertilizer was applied
as urea ammonium nitrate (UAN) at a 32 % concentration rate. In 2017, nitrogen was applied on
DOY 186 and 213 at a rate of 39 and 76 kilograms per hectare, respectively. Irrigation scheduling
followed the paper FAO-56 standard approach method (Allen et al. 1998), based on crop coefficient

and reference alfalfa evapotranspiration calculated as indicated by ASCE-EWRI (2005).

T N
Legend

Weather Towers

Stations

MSR Readings

Figure 3.11: The 2017 LIRF experiment.
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An agricultural weather station from Colorado Agricultural Meteorological Network (COAG-
MET) provided micrometeorological data to determine daily £7,, and £'7,., an essential component
of each ETa model in this study (e.g., RBCC, OSEB, and TSEB). At LIRF, the COAGMET weather
station (Greeley 04 or GLY04) is located within the research farm, 125 m Northwest of the lateral
edge that separates Fields W and E. The GLY04 station (Figure 3.12) is a pristine 12-cm clipped
tall fescue (cool-season) grass with the same micrometeorological instrumentation installed at the
maize fields. Nonetheless, the GLY04 weather data have been measured at heights above the
ground surface (AGS) to conform to the standardized guidelines to calculate 7, and ET,. (ASCE-
EWRI, 2005). Air temperature and relative humidity sensors (Vaisala, Vantaa, Finland) are 1.5 m
AGS. Wind speed (RM Young Company, Traverse City, MI, USA) and solar radiation (LI-COR,
Lincoln, NE, USA) instruments are 2 m AGS. The GLY04 data are provided in 5-minute, hourly,
and daily time steps. More details about the instrumentation used to collect data at the LIRF site

are in Appendix D.

~Cup anemometer Pyranometer

(wind speed) .\ (solar radiation)

1€

Hygrometer
(air temperature
and
relative humidity)

Figure 3.12: The GLY04 COAGMET station at LIRF.

78



3.6.2 Irrigation Innovation Consortium (IIC)

The IIC site (Figure 3.13) is in Fort Collins, Colorado, USA, at 40.5542° N latitude, 105.0038°
W longitude, and 1486 m above sea level. The local climate is described as subtropical steppe with
cold semi-arid trends (Peel et al., 2007). Data collection happened on two surface-irrigated maize
fields (furrow irrigation system) in 2020 and 2021, from July to September. Maize row orientation
was East-West with 17 cm row spacing. The fields had a relatively uniform soil texture comprised
of sandy loam with volumetric soil water contents at field capacity (fz¢), permanent wilting point
(Opwp), and saturation (0s47) were equal to 0.189, 0.069, and 0.410 m?3/m?, respectively. Alu-
minum 4 cm-diameter siphon tubes provided water to the field furrows. The water-stressed maize
field had 50% fewer irrigation events than the non-water-stressed field throughout the farming sea-

sons.

The irrigation waterfront moved from East (central canal) to West on the fully irrigated field
(Fig. 3.13). The irrigation front moved from Northwest to Southeast at the deficit irrigated field.
The irrigation events were set to happen within 2 to 3 days after water acquisition from the Sand
Dike Lateral Company (Fort Collins, CO, USA). The irrigation event duration varied from 6 to 12
hours. Both fields did not have nutrient deficiency (e.g., Nitrogen, Phosphorus, and Potassium)
during the two-year data collection period. The weather conditions at the 1IC during the data
collection campaigns in 2020 and 2021 were nearly the same in terms of mean 7, and RH. In

2020, from July to September, the total amount of rainfall was 42% less than in 2021.
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a) liC 2020 Season b) IIC 2021 Season
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Figure 3.13: The IIC facility in Fort Collins, CO. Locations 1 to 15 are sampling points for ground-based
surface reflectance and nadir-looking 7 data using an MSR handheld radiometer. At points 4, 6, and
14, ancillary data were measured. Soil water content sensors were buried at locations F1, F2, and D1 to
provide measured ETa through the SWB approach. A weather tower with an EC energy balance system was
installed at the non-water stress field. Fig. 8a and 8b show the measurements’ locations for the 2020 and
2021 seasons, respectively.

Figure 3.14: An irrigation event at the IIC non-water stressed field in 2021. The waterfront moved from
East to West. Photo provided by Ansley Brown.
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The ClimaVUES0 weather station (Campbell Scientific Inc., Logan, Utah, USA) was installed
over a grass surface (location 9 in Fig. 3.13) that was partly irrigated at the South side of the IIC in
2020 and 2021 (Figure 3.15). To avoid violating the assumptions of the £7}, and ET,. calculation
(ASCE-EWRI, 2005), the nearest COAGMET weather station with pristine 12-cm clipped fes-
cue grass was selected (GLY04, the COAGMET station within the LIRF research site in Greeley,
CO). There are COAGMET weather stations in Fort Collins (e.g., FCLO1, FTCO1, FTC02, FTCO03,
FTCO04). Nonetheless, they are not operated on a pristine grass surface of recommended field size
and sitting conditions. Hence, the GLY04 station was chosen to provide data to determine hourly
and daily T, and ET. for the IIC research site because it has pristine grass and is located under

similar climate conditions as in Fort Collins.

Figure 3.15: The ClimaVUESO0 IIC weather station in a non-pristine grass. Photo provided by Ansley
Brown.

The choice of maize varieties differed between 2020 and 2021. In 2020, G02K39-3120 (Golden

Harvest, Minnetonka, Minnesota, USA) was planted on May 13 at an approximate rate of 8 seeds
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per m2. For the year 2021, the NK0243-3120 and NK0314-5122 varieties (Syngenta AG, Basel,
Switzerland) were planted in both fields, as indicated in Figure 3.17. The seeding date for 2021
was May 13, and the planting rate was 8 seeds per m?. All maize varieties used in this study were

selected for their drought-tolerance capabilities.

The irrigation scheduling was determined based on the FAO-56 methodology (Allen et al.,
1998) and implemented in the Water Irrigation Scheduler for Efficient (WISE) Application (An-
dales et al., 2014). The WISE application uses a water balance approach to determining irrigation
amounts and timing based on a dual crop coefficient approach for ETa estimation from tabular-
ized crop coefficient (Kc) values, a water stress coefficient (Ks), and daily alfalfa reference ET. In
Appendix D, there are more details about the instrumentation used to collect data at the IIC site.
A summary of the data related to soil wetting events, encompassing both irrigation and rainfall

events, for the years 2020 and 2021, is given in Table 3.2.

a) IIC Experiment Design (2020-2021) b) IIC 2021 Maize Varieties
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Figure 3.16: RGB (Red-Green-Blue) map of the IIC research fields (Figure 5.10a) and the maize varieties
planted in 2021 (Figure 5.10b). The study maize fields were Fields F and D. Areas in green are vegetation
surfaces.
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Table 3.2: Cumulative soil wetting events (irrigation and rainfall) at IIC Fields in 2021 and 2022.

Growing Research Cumulative Gross Cumulative
Irrigation Events
Season Field Trrigation (mm) Rainfall (mm)

F 7 1,620 34

2020
D 5 870 34
F 8 1,081 104

2021
D 4 1,064 104

3.6.3 Arkansas Valley Research Center (AVRC)

The AVRC site, administered by the Agricultural Experiment Station at Colorado State Univer-
sity (AES-CSU), is in Rocky Ford, CO, USA, at 38.03847° N latitude, 103.69329° W longitude,
and 1273 m above sea level. The local climate is described as subtropical steppe with cold semi-
arid trends (Peel et al., 2007). Two precision monolith-weighing lysimeters provided data from
May to September 2020 and 2021 (Figure 3.17). The small lysimeter (SL), with 1.50 m x 1.50 m x
2.4 m dimensions, had grass in both years of data collection and was located in a triangular-shaped
field (34,000 m?). In 2020 and 2021, the large lysimeter (LL), with 3 m x 3 m x 2.4 m dimensions,
had maize and pinto beans, respectively. The LL was within the boundaries of a rectangular-
shaped field (50,098 m?). The SL and LL have the same uniform soil texture (silty clay loam) with
Orc, Opw p, and Og 47 equal to 0.314, 0.176, and 0.430 m3 / m3, respectively (USDA-NRCS, 2009).
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Figure 3.17: The AVRC facility in Rocky Ford, CO. Locations 1 and 2 are sampling points for ground-
based surface reflectance and nadir radiometric temperature using a handheld radiometer and the spatial
points where ancillary data were measured. Only in 2021, location 3 had a weather tower that provided 7,
and RH data at two heights above ground to calculate BR ETa.

Both lysimeters at the AVRC (Figure 3.18) operate using an automated scale-load cell that
records temporal changes in mass within the lysimeter’s physical boundaries in millivolts (mV)
with a sensitivity of 0.02%. The calibration coefficient to convert the change in mass volume to
water depth is 76 mm/mV (e.g., 1 mV change detected by the lysimeter scale-load cell represents
76 mm of water depth). Excess water from irrigation or rainfall events percolates the soil through
the lysimeter scale area. The excess water is drained out of the system to ensure that previous
wetting events do not compromise ETa measurements using soil water mass balance. The local
AVRC weather station provided hourly micrometeorological data to calculate £'T,.¢. The weather
station is located in a pristine alfalfa field (100 m x 150 m) within the AVRC research site, 180 m

Northwest and 330 m East of the LL and SL fields, respectively.
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Figure 3.18: Figure 3.18a shows the SL located at the grass field. Figure 3.18b shows the LL when pinto
beans were the crop type in 2021. In 2020, the crop type at the large lysimeter was maize. Figure 3.18 is not
scaled and was provided by Lane Simmons.

For both years of data collection at the AVRC site, the irrigation system was sprinkler (linear
move) and furrow irrigation for the LL and SL fields, respectively. The sprinkler nozzles were 2.3
m above ground level and 1.5 m apart. In 2020, the LL maize field had seeds planted and plant
emergence on 4/29/2020 and 5/6/2020, respectively. The maize plant density was approximately
8 plants/m? (75,684 plants/ha). Maize harvest occurred on 10/19/2020. No lack of nutrients or
water stress conditions was observed in 2020 at both the LL and SL fields. Information about the

sensors used for data collection at the AVRC research site is found in Appendix D.

3.7 Methods for Measuring Crop Evapotranspiration

3.7.1 Eddy Covariance Energy Balance System

This research project has installed EC SEB systems at the LIRF and IIC sites. At LIRF, a
LI-7500DS open-path gas analyzer (LI-COR Biosciences, Lincoln, Nebraska, USA) and a Wind-
master 3D sonic anemometer (Gill Instruments, Lymington, United Kingdom) alongside secondary
equipment were installed in between the two maize fields (Fig. 3.19a). The data was sampled at

10 Hz (e.g., ten measurements per second), averaged, and recorded at half-hour intervals. At the
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IIC site, an LI-7500A open-path gas analyzer (LI-COR Biosciences, Lincoln, Nebraska, USA) and
a CSAT 3D sonic anemometer (Campbell Scientific, Logan, Utah, USA) and respective auxiliary
instrumentation were installed at the non-water stressed field in 2020 and 2021 (as indicated on
Figure 3.19b). The data were sampled at 10 Hz, averaged, and recorded at 15-min time intervals.

Table 3.3 presents the high-frequency data correction approaches for the LIRF and IIC EC systems.

At LIRF in 2017, the same EC system installed at the IIC provided H in the fully irrigated
treatment plot only (Field E) from July to September (Figure 3.20). Lag time issues caused by dat-
aloggers were corrected by estimating each averaging interval through a cross-correlation analysis
between the scalar of interest and the vertical wind component. Then, the correlations between the
two signals lagged by different delays are compared. The time lag produces the highest correlation.
The corrected sensible heat flux (H,.) was based on H measurements from the sonic anemometer-
based air temperature (/) and the corrected LE (L E,). Values of measured H were recorded as
15-minute averaged data obtained from 20 Hz high-frequency measurements. The EC system at
LIRF in 2017 was installed on the North side of Field E, 3.5 m above ground surface at an azimuth

angle of 135°.
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Figure 3.19: EC systems installed at LIRF (Figure 3.19a) and IIC (Figure 3.19b) sites in 2020 and 2021.
The instruments have been 3.5 m AGS at both sites. Jon Altenhofen provided Figure 3.19a.

Figure 3.20: The EC system at LIRF in 2017 (Field E) with aerodynamic profile sensors (e.g., cup
anemometers and hygrometers).
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Table 3.3: Summary of the correction methods applied to the EC data at LIRF and IIC.

Correction Method References Research Site

Tanner and Thurtell (1969);
Wind coordinate or tilt correction LIRF and IIC
Kaimal and Finnigan (1994)

Air density fluctuation - The

Webb et al. (1980) LIRF and IIC
Webb-Pearman-Leuning (WPL) correction
Humidity correction of sonic Schotanus et al. (1983); van Dijk
LIRF and IIC
temperature et al. (2004)
Statistical analysis for data
Vickers and Mahrt (1997) LIRF
screening
The angle of attack correction for
Nakai and Shimoyama (2012) LIRF

wind 3D components

The EC system provides unbalanced turbulent fluxes regarding SEB closure (Foken et al.,
2006). That is due to the EC system not capturing all range of turbulent scales in the field, asym-
metric turbulent transport of heat and water vapor causing reduced measured H and LE, and con-
tinuous larger air vortex (or eddies) circulations not being captured by one EC station alone (Liu et
al., 2011; Yanzhao and Xin, 2018; Liu et al., 2021). The flux data from EC systems have the SEB
closure ratio (H + LE)/(R,, — G) ranging from 70% to 90% in the literature (Goulden et al., 1997,
Wilson et al., 2002; Meyers and Hollinger, 2004; Oncley et al., 2007; Liu et al., 2011). Hence,
the H and LE data are underestimated depending on surface roughness and micrometeorological
conditions during the crop growing season (Mauder et al., 2007; Foken, 2008; Burba, 2013; Liu et
al., 2021; Peltola et al., 2021). Figure 3.21 indicates the SEB flux closure issue at the IIC and LIRF
during the data collection campaigns around solar noon time (11 am to 1 pm). Thus, to improve
the representativeness of H, LE, and ETa measurements from the EC system, the residual-LE clo-
sure approach was chosen in this study to ensure the closure of the surface heat fluxes. Twine et

al. (2000) indicate that the residual-LE method calculates LE as the difference among measured
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R,, G, and H (from the EC system). Twine et al. (2000) indicate that most of the unresolved EC

system closure issues are due to LE rather than H.
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Figure 3.21: The EC closure analysis for LIRF and IIC considering H and LE data measured around solar
noon (11 am to 1 pm Mountain Standard Time). The black line represents the 1:1 line.

In this study, A two-dimensional (2D) EC heat flux (source) footprint analysis was performed
to filter the EC-derived heat flux data to consider only flux source areas contributing to H and LE

fluxes coming strictly from the maize fields at both LIRF and IIC sites. The 2D analytical EC foot-
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print model developed by Kljun et al. (2015) was used to identify the upwind source area of H and
LE fluxes at all sites. The Kljun et al. (2015) model can integrate georeferenced data to generate
footprint maps of a given AOI. More details about the footprint approach are found in Kljun et
al. (2004) and Kljun et al. (2015). The 2D footprint model is an analytical flux-source approach
that provides 2D footprint extents based on turbulence characteristics of the airflow and surfaces
such as Monin-Obukhov stability length (L,;0), friction velocity (u*), the standard deviation of
lateral velocity (o), the height above ground of wind speed measurement (2, ), roughness length

for momentum transfer (Z,,,), and the atmospheric boundary layer height ().

Thus, to compare the predictions of ETa at each station of measurement with the hourly and
daily EC ETa data, it was assumed that the fixed measurement instrumentation stations that were
within the 2D EC footprint were representative of observed ETa data from the EC system during
the RS sensor overpass date and time. At the IIC site, the EC flux tower was located at the North-
west corner of the field in 2020. Since the West and East measurement stations were further from
the footprint area for H and LE fluxes, the data from the West station was assumed to represent a
maize ETa comparison between the EC data and remote sensing of ETa predictions since it was
the closest station to the flux tower. Figures 3.22 and 3.23 show the 2D EC footprints that served

as a reference to filter the EC data at the LIRF and IIC sites, respectively.
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a) LIRF 2020 Season EC Footprint b) LIRF 2021 Season EC Footprint
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Figure 3.22: 2D EC footprint (yellow areas) at LIRF maize fields in 2020 (Figure 3.22a) and 2021 (Figure
3.22b).
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Figure 3.23: 2D EC footprint (yellow areas) at the IIC maize field F in 2020 (Figure 3.23a) and 2021 (Figure
3.23b).
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Since the Remote Sensing of ETa models in this study provided hourly (OSEB and TSEBs)
and daily ETa estimates (RBCC) for crop water management purposes, LE data from the EC SEB
systems were converted to evaporated water depth for hourly and daily timesteps at all sites using
Eqgs. 3.97 and 3.98, respectively:

LE
ETPY = — (3.97)

w

. [EC]
ETd[EC] ~ {C 86,400:| |:( LE

o A R _ G)msj (R — G)daity (3.98)
where ETCEEC] is the daily ETa from the EC system (mm/d); p,, is the density of liquid water
(kg/m?); ET}[LEC] is the instantaneous ETa from the EC system (mm/h); A, is the latent heat of
vaporization (J/kg); LE¥! is the latent heat flux at around solar noon time (W/m?); (R,, — G)inst
and (R, — G)daz'ly are the instantaneous (around solar noon) and daily-averaged available energy,

respectively. The parameter c is a unit conversion factor (1000 mm/m). The A, is calculated as

described in Henderson-Sellers (1984).

3.7.2 Bowen Ratio Turbulent Heat Fluxes

The Bowen ratio method (BR) gives indirect measurements of H and LE by determining the
ratio between these two heat fluxes (Perez et al., 1999; Comunian et al., 2018; Buttar et al., 2018).

Eq. 3.99 outlines the fundamental approach of the BR method (Bowen, 1926):

H

Po= 1% (3.99)

where (3, is the Bowen ratio (dimensionless).

According to Perez et al. (1999), accurately determining H and LE depends on obtaining

accurate values for [, since it helps minimize the spread of bias that occurs when errors from
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measurements of 1, and G are considered. Bowen (1926) suggested that (3, could be estimated by
approximating the ratio using the gradients of heat and vapor. This approximation is valid under
the assumption that the diffusivity of heat and vapor transfer have the same magnitude. Eq. 3.100

presents the algebraic representation of this assumption:

~ Cpa Ky AT (Cp, AT
fo = Ao - Ky - Ae ()\W Ae (3.100)

where C'p, is the specific heat of the air (J/Kg/K); K}, and K, are, respectively, the diffusivity co-
efficients for heat and vapor transfer (m?/s); \ is the latent heat of vaporization of water (J/Kg/K);
AT and Ae are, respectively, the temperature (°C) and actual vapor pressure (kPa) difference at

two different heights.

Cpa . :
According to ASCE-EWRI (2005), the ratio Tp is commonly represented as the psychometric

constant (). It is determined based on the local atmospheric pressure, as outlined in Eq. 3.101:

= 0.000665 - P, (3.101)

_ Cp,
TN

where P, is the local atmospheric pressure (kPa). v has units of kPa/C. P, might be calculated

as indicated by ASCE-EWRI (2005) as a function of local ground elevation (Eq. 3.126):

(3.102)

9203 — 0 L7\ 5256
Pa:101.3-( 93 — 0.0065 g>

293

where Z, is the local ground elevation (m).

The calculation of actual vapor pressure from each height of micrometeorological measurement

was done as indicated by Eq. 3.127 below:

e, = RH - ¢ (3.103)
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where ¢, is the actual vapor pressure (kPa); RH is the relative humidity (dimensionless); e, refers
to the saturation vapor pressure (kPa). The e, term was calculated using the approach developed

by Buck (1981) and indicated by Eq. 3.104:

(3.104)

17.502 - T,

where T}, is given in °C.

At LIRF and the IIC, the change in air temperature and actual vapor pressure were obtained
from measurements of 7;, and relative humidity at two different heights. For the year 2017, the
LIRF heights selected were 2.7 m and 3.7 m AGS. For the year 2018, the LIRF heights that pro-
vided data for the BR fluxes calculations were located at 2.6 m and 3.2 m above ground surface
for field W and at 2.6 m and 4.2 m for field E, respectively. Those data were obtained from the
aerodynamic flux towers located at the north side of both fields W and E in both years. In 2020 and
2021 at LIRF and IIC, as well as LIRF 2022 years, the measurement heights of micrometeorolog-
ical data for the BR method were 3.5 m and 4.5 m AGS. Indirect H and LE measurement values

from the BR approach were determined as indicated by Eqgs. 3.105 and 3.106 :

[ B

Hpp = (1 +60) (R, — G) (3.105)
1

LEpp = (1 - &) (R, - G) (3.106)

where R, and G are given in W/m?.

A quality control analysis of BR flux data was performed to ensure that the derived indirect
measurements of H and LE fluxes were valid for LIRF and IIC sites. The BR flux data quality
control was implemented to avoid counter gradient effects in the Hpp data when the 7, gradient

above the canopy and the H gy flux have different signs (Perez et al., 1999). The Hgr and LEgpg
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data were not included in the calculation when Ae, + YAT, < 0 when (R,, — G) > 0 (Ohmura,
1982). The 1D footprint extent of BR fluxes is calculated based on the method described in Brut-
saert (1982) and Payero et al. (2003), which accounts for the geometric boundaries of the fields and
surface roughness parameters. The Hpr and LE gk fluxes have been measured at all three sites.
Since the BR fluxes need to be filtered for wind direction to ensure the data are representative of
the AOI, hourly and daily BR maize ETa were to be defined in the same as the EC hourly and daily

maize ETa calculations. The standard BR station of measurement layout is indicated by Figure

3.24.

11111

Figure 3.24: The micrometeorological tower at LIRF, with hygrometers measuring 7, and RH for the BR
fluxes calculation at 3.5 and 4.5 m AGS in 2020 to 2022. The weather tower at the IIC site had the same
sensors at the same heights AGS. Photo provided by Jon Altenhofen.
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3.7.3 Soil Water Balance Approach

Volumetric soil water content (VWC) data have been collected at all sites to determine observed
daily ETa through the SWB approach (Allen et al., 1998). Observed ETa from VWC data was
considered for the periods when neither irrigation nor precipitation events were recharging the soil
profile (Allen et al., 1998). Hence, Eq. 1.1 is simplified as follows (Eqgs. 3.107 and 3.108):

n

ETIEWBl _ Z(SWDH-LJ — SWD,;) (3.107)

1
=1

0, Orc, < bOvwe
SWD,, = (3.108)

(Orc; — Ovwe,,) - Rj, otherwise
where ETZ»[SWB] is the daily observed ETa from the SWB approach (mm/d); SW D, ; is the soil
water deficit at the 5 soil layer and next i*" day (mm); SW D, ; is the soil water deficit the j*
soil layer and current i** day (mm); R; is the 4t soil layer thickness (mm); Orc; is the VWC at
field capacity (m3/m?); VWC;; is the VWC measured data at the i current day and ;% soil
layer. In Eqgs. 3.107 and 3.108, the root zone is divided into layers assumed to represent the VWC

measurements (Figure 3.25).

At LIRF, VWC measurements occurred at each measurement station at 4, 20, 50, 80, and
110 cm depths within the soil-root zone profile (Figure 3.25). The VWC data from 5TE sensors
at 4 cm depth were cross-calibrated at each sampling location using a mini-trace time-domain
reflectometer (TDR) data. The VWC data for other depths were adjusted based on neutron probe
(NP), which was WC data taken biweekly. The respective depths of TDR and NP readings were
15, 30, 60, 90, and 120 ¢m. A linear calibration approach per sampling location was considered to
adjust the quality of the STE VWC data. The resulting linear calibration equations were given as

follows (Eq. 3.109):
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VWCZ =aj - VWC5TE + ao (3109)

where VW Csrp represents the volumetric water content from 5TE sensor (m? /m?3), VW C; refers
to the volumetric water content from TDR or NP (m?3/m?), and a, and a, are the empirical fitted

coefficients for the linear calibration model.

iR | oA ¥ 3 . : | B 1
% o W L — = ’/ ; @ STE SWC B
B 5 s 2 B > ; o .
= 5 e - e L A N 3
’s ' % _ o
"y ~ o

STE SWC 3
® sensor g

STE SWC 8
Sensor o
3

@ STE SWC
Sensor

Figure 3.25: A schematic drawing of the SWB approach for the LIRF site. Each black dot represents a
VWC sensor buried at a given depth. The local arrangements of the instrumentation define the respective
soil layer associated with each sensor. At the IIC, there were only three VWC sensors installed at 15 cm, 50
cm, and 100 cm.

Soil temperature affects the quality of VWC data from sensors such as the STE Decagon,
CS655, and CS650 types (Chavez and Evett, 2012; Walthert and Schleppi, 2018). Thus, the mea-
sured SWB ETa was obtained from Eqgs. 3.107 and 3.108 were calculated using data collected
at 1 am to minimize the conditions in which soil temperature impacts SWC data. Furthermore,
the VWC data at each measurement depth have been adjusted based on neutron probe (NP) VWC
readings (LIRF and AVRC sites) or VWC from soil gravimetric samples (IIC site), which have

happened on a weekly to biweekly basis during the multi-year data collection campaign.
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3.8 Surface Heat Fluxes Measurement

3.8.1 Net Radiation Flux

At LIRF and IIC, three net radiometers, placed at a height of 3.3 m AGS, measured R,,. At the
IIC site, a two-way NR-Lite and two four-way CNR1 net radiometers (Kipp and Zonen, Delft, The
Netherlands) measured R,,. At the LIRF site, all three net radiometers were a two-way NR-Lite in
2020 and 2021. The CNRI1 radiometer was installed on Field F (West station). NR-Lite radiome-
ters measure net short-wave and long-wave radiation within a spectral range from 0.2 to 100 um,
temperature dependency of 0.12 % /°C, and a directional error of less than 30 W/m? at least 1000
W/m?. The CNRI radiometer provides data regarding all four terms of the net radiation budget,
and it has a measurement uncertainty that is within 10 to 35 ©V/W/m? and a directional error of

25 W/m? at 1,000 W/m?.

At LIRF in 2017 and 2018, two-way NR-Lite and four-way CNR1 net radiometers (Kipp and
Zonen, Delft, The Netherlands) measured R,, (Figure 3.26. The CNR1 unit was installed at the F2
station in 2018, and the D2 unit will be used for the remaining years of observation. The NR-Lite
sensors measured the net short-wave and long-wave radiation with a spectral range from 0.2 to 100
wm, temperature dependency of 0.12 % /°C, and a directional error of less than 30 W/m? at 1000
W/m? or higher order of magnitude. For both fields, R,, measurements were recorded every minute

and averaged every 15 minutes using Campbell Scientific dataloggers (e.g., CR1000, CR3000).
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Figure 3.26: The 2-way and 4-way net radiometers installed at LIRF and IIC during the data collection
years.

3.8.2 Surface Soil Heat Flux

The Soil Heat Flux Plate method (SHFP) was applied to determine measured G at the ground
surface level. This indirect measurement technique involved installing small sensor plates with
known heat conductivity to measure heat transfer at a fixed and shallow depth within the root zone,
considering the heat storage capacity of the soil layer between the sensor plate and the ground
surface (see Figure 3.27). Two identical plates were buried per station per field each year, one
immediately below the maize row and another in the inter-row. Similar to measured R,, data col-
lection, recordings of measured G at the plate depths were stored every minute and averaged over
a period of 15 minutes in Campbell Scientific dataloggers (e.g., CR1000, CR3000). The HFT3-L
sensors (Figure 3.28 have a thermal conductivity of 1.22 W/m/K, 3.91 mm, and 38.2 mm thick-

ness and diameter, respectively, and a reading uncertainty of 5%.
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Figure 3.27: Schematic of the soil heat flux sensors installation (Figure from Campbell Scientific).
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Figure 3.28: Soil heat flux plate installed on the fields on both underneath corn row and on the inter-row
(Figure from Campbell Scientific).
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The measured G at the ground surface level was calculated following the approach reported by
Ochsner et al. (2006) and indicated by Eq. 3.110:

G=G,+ S (3.110)

where G, is the soil heat flux measured by the plate (W/m?) and S is the storage heat term of the

soil layer immediately above the plate and below ground surface (W/m?).

Soil heat storage is determined by the gradient of soil temperature within the profile, the heat

capacity of the soil, and the thickness of the layer, as indicated by Eq. 3.111

AT, -C,-d.
— Sl

S (3.111)

where AT} is the shallow soil layer temperature difference above the plate’s location (K); C is
the heat capacity of moist soil (J/Kg/K); d, is the depth where the soil heat flux plates were buried

(m), and t is the time interval between the readings of soil temperature (s).

The heat capacity of moist soils is affected by soil bulk density, heat capacity of soil minerals,
volumetric soil water content, and water heat capacity. The soil heat flux plates were buried at
a depth of 8 cm below the ground surface, and soil temperature was measured at 2 ¢m and 6 cm
below the ground surface (BGS). Soil water content readings on the 8 cm soil layer were done using
a capacitance-based soil water content sensor at a depth of 4 cm. One 5STE (Decagon Devices Inc.,
Pullman, Washington, USA) soil water content sensor and two T107 (Campbell Scientific Inc.,
Logan, Utah, USA) temperature probes were installed above each soil heat flux plate per sampling
station at LIRF and IIC sites. The soil heat storage between the buried plates and the ground

surface level is calculated as indicated by Eq. 3.112 below:

Cs =pPb- (Od+0v'pw'cw) (3112)
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where p, is the soil bulk density (K g/m?); C, is the heat capacity of soil minerals and it is often
taken as 840 J/Kg/K (Hanks and Ashcroft, 1980); 6, is the volumetric soil water content (m?/m?),

and C,, is the water heat capacity (J/Kg/K).

3.9 Micrometeorological Data

The HMP45C sensor (Figure 3.29) has a 1000-ohm platinum resistance thermometer to mea-
sure T, with 0.2 to 0.3 °C' accuracy at a temperature range of 20 to 40 °C' (Figure 3.30). A
HUMICAP H-chip provides relative humidity data with an uncertainty of approximately + 2% for
RH values from 0 to 90% and + 3% for RH measured values greater than 90%. The HUMICAP
H-chip has a temperature dependence of RH measurement of + 0.05% RH/°C. The HMP45C
sensor consumes less than 4 m A current at 12 V' and needs only 0.15 s for the sensor to warm up

(settling time). The probe length is 25 ¢m, with an equivalent diameter of 3 cm.

a) b)

Figure 3.29: The HMP45C probe (Figure 3.29a) and installation guide (Figure 3.29b) setup (Campbell
Scientific, 2004).
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Figure 3.30: Uncertainty associated with the HMP45C sensor regarding measured T, (Campbell Scientific,
2004).

The 0301-L cup anemometer (Figure 3.32 measures mean horizontal wind speed. The wind
speed is measured with a rotating three-cup anemometer. The rotation of the cups creates a sine
wave volta g frequency proportional to wind speed. The cup anemometer range of measurements
varies from 0 to 50 m/s. Each rotating cup has a 0.40 ¢m diameter cup. The accuracy associ-
ated with the measurements of wind speed is + 0.50 m/s. All micrometeorological data were
recorded every minute and averaged over 15 minutes, being stored in CR3000 Campbell Scientific

dataloggers.

Figure 3.31: The R.M. Young wind cup anemometer sensor (Campbell Scientific, 2004).
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3.10 Measurements of Canopy Architecture

3.10.1 Fractional Vegetation Cover

Indirect measurements of f. happened at LIRF and IIC to assess the vegetation conditions and
to evaluate the errors associated with predicting f.. An LI-190R and LI-191R line quantum sensor
(LI-COR Biosciences, Lincoln, Nebraska, USA) connected to a CR3000 datalogger (Campbell
Scientific Inc., Logan, UT, USA) measured the above and within canopy photosynthetically active
radiation (PAR), respectively. The instruments were placed in the frequently irrigated field at LIRF
and IIC. The PAR data were recorded at 1 minute and averaged over 15 minutes. The LI-190R sen-

sor was mounted on a 4-m tall vertical post at 3.5 m AGS.

The LI-190R and LI-191R line quantum sensor outputs are a current (14 A) signal that is directly
proportional to PAR (400 to 700 nm wavelength) due to a calibration multiplier used to convert
the current signal into PAR units (1zmol /s/m?). The LI-190R consists of a flat sensor surface that
is sensitive to incoming light and is placed above the canopy to measure light radiation before
being intercepted by the plants. The LI-191R provides PAR measurements at the ground surface,
indicating the amount of light radiation that reaches the ground after canopy PAR absorption.

Indirect measurements of f,. are obtained through Eq. 3.113 as follows:

. P ARdown

[M] _ q _ 227" "down
e PAR,,

(3.113)

where P ARgyow, means the PAR radiation measured at the ground surface level from the LI-191R
line quantum sensor (umol/s/m?), and PAR,, means the PAR radiation measured above the

canopy (umol/s/m?). The superscript "[M]" alludes to the measured f,. label.
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3.10.2 Leaf Area Index and Canopy Height

LAI measurements were done weekly using the LAI-2200C Plant Canopy Analyzer (LI-COR
Biosciences, Lincoln, Nebraska, USA), a modern and non-destructive instrument designed for
point-based measurements of canopy foliage architecture. The LAI measurements were obtained
at each LIRF and IIC maize field sampling location. The LAI-2200C analyzer utilized a unique
combination of upward and downward sensors, with passive and optical parts and five concentric
detectors measuring diffuse light transmittance above and within the canopy at five different zenith
angles. Maize h. data were obtained through a commercial measuring tape at the LAI sampling
locations on a weekly to biweekly basis at LIRF and IIC sites. The h. measurements were consid-

ered from the ground surface to the upper leaves.

A cubic convolution gap-filling approach provided temporal interpolated LAI and A, data for
the days without measurements, similar to the interpolation methods implemented by Vorobiova
and Chernov (2017). The interpolation method for measured LAI was explicitly applied to each
data collection time series per measurement station within the frequently irrigated fields at LIRF
and IIC. Temporal extrapolation of vegetation indices assumes that for irrigated fields with no lack
of nutrients, water availability, and pristine vegetation, the changes in canopy leaves arrangement
are minimal within shorter periods under similar environmental conditions (e.g., cloudless skies,

air temperature, wind speed, etc.).

3.11 Remote Sensing sensors

3.11.1 Spaceborne Systems

This study selected three satellite sensors to provide spatial data to evaluate ETa mapping prod-
ucts and develop the multi-scale SR data adjustment algorithm: Landsat-8, Sentinel-2, and Planet

CubeSat. Landsat-8 is a spaceborne remote sensing sensor managed by the United States Ge-

105



ological Service (USGS) and the National Space Agency (NASA). A Landsat-8 satellite has an
Operational Land Imager (OLI) and a Thermal Infrared Sensor (TIRS) that take images of the
earth’s landscape at a 30-m and 100-m spatial resolution every sixteen days, respectively. The
OLI sensor provides short-wave multispectral data, and the TIRS camera measures LWIR thermal
radiation images. If the AOI resides between the overlap region of two Landsat-8 path/row scenes

(185 km x 180 km, each), the revisiting time becomes eight days (almost weekly).

The LIRF and IIC sites are located within the overlap region of 33/32 and 34/32 (path/row)
Landsat-8 scenes, so the temporal resolution is weekly. The AVRC site is located in the 32/34
scene, which gives images of the SL and LL fields every sixteen days. A cubic convolution re-
sampling approach downscales the TIRS image to the OLI imagery spatial resolution (Roy et al.,
2014). Landsat-8 has a sun-synchronous orbit around Earth at 705 km altitude and with Equator
time around 11:30 pm local time. The original radiometric resolution Landsat-8 imagery is 12 bits,

converted to 16 bits after USGS/NASA post-processed data.

The radiometric resolution of a remote sensing image indicates the capacity to record a wide
range of brightness levels. The metadata imagery file provides linear calibration coefficients to con-
vert a digital number (DN) to surface reflectance and nadir-looking surface temperature (Landsat-8
Level-2 imagery). The Level-2 images undergo rigorous calibration procedures and do not require
further post-processing after the final surface reflectance and temperature images are appropriately
converted from the original DN values (Roy et al., 2014). More details about atmospheric correc-
tions applied to Landsat-8 imagery are found in Vermote et al. (2016) and Vermote et al. (2018).
Table 3.4 presents the spectral characteristics of the Landsat-8 bands that have been considered in

the research.
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Table 3.4: List of Landsat-8 multispectral and thermal bands used in this project.

Bands Description Central Wavelength (nm) Bandwidth (nm) Spatial Resolution (m)
Landsat-8 Band 2 Blue 480 60 30
Landsat-8 Band 3 Green 560 60 30
Landsat-8 Band 4 Red 655 30 30
Landsat-8 Band 5 NIR 870 30 30

Landsat-8 Band 10 LWIR Thermal 1090 60 100 (resampled to 30)

Sentinel-2 satellites are maintained and operated by the European Space Agency (ESA), an in-
tergovernmental entity of twenty-two European countries. The Copernicus Programme is respon-
sible for managing the Sentinel satellite missions. Details about the satellite design, operation,
and components can be found in Drusch et al. (2012) and Spoto et al. (2012). There are two
Sentinel-2 satellites (S2A and S2B) that each provide multispectral image scenes (290 km x 290
km, each) of the earth every ten days for one satellite device around the Equator, five days when
the two satellites are combined, and two to three days revisiting time for landscape areas located

at mid-latitudes.

The S2A and S2B satellites have a sun-synchronous orbit at an average altitude of 786 £m and
an Equator time around noon local time. Thermal images are not provided by Sentinel-2 satellites.
The spatial resolution of Sentinel-2 images depends on the type of multispectral bands and varies
from 10 m to 60 m. Only Sentinel-2 bands 2, 3, 4, and 8 (10 m pixel size) have been considered
in the project since they are provided at their original spatial resolution. In contrast, the other im-

ages at 20 m and 60 m do not have BLUE, GREEN, and RED surface reflectance bands (Table 3.5).
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Table 3.5: List of Sentinel-2 multispectral bands and their spatial resolution.

Bands Description  Central Wavelength (nm) Bandwidth (nm) Spatial Resolution (m)

Sentinel-2 Band 2 Blue 492 66

Sentinel-2 Band 3 Green 560 36

Sentinel-2 Band 4 Red 665 31 10
Sentinel-2 Band 8 NIR 833 106

Sentinel-2 Band 5 Red-Edge 704 15

Sentinel-2 Band 6 Red-Edge 740 15

Sentinel-2 Band 7 Red-Edge 782 20
Sentinel-2 Band 8A  Narrow NIR 865 21 20
Sentinel-2 Band 11 SWIR* 1614 91

Sentinel-2 Band 12 SWIR* 2202 175

Sentinel-2 Band 1  Coastal Blue 443 21

Sentinel-2 Band 9  Water Vapor 945 20 60
Sentinel-2 Band 10 Cirrus 1374 31

* SWIR stands for short-wave infrared.

The original radiometric resolution of Sentinel-2 images is 12 bits. However, when ESA post-
processes images, they are converted to 16 bits. The current radiometric accuracy of Sentinel-2 im-
agery is less than 5%, and it is comparable to Landsat-8 (Phiri et al., 2020). The Sentinel-2 Level-2
images are calibrated and pre-processed to provide surface reflectance through a calibration factor
of 10,000. That is, dividing the DN values of each band by 10,000 generates surface reflectance
images already corrected for atmospheric effects between the land surface and the spaceborne sen-
sor. The atmospheric corrections involve using a radiative transfer algorithm developed by the
ESA (Sen2Cor). More details about the use of Sen2Cor to atmospherically correct S2A and S2B

satellite images are found in Main-Knorn et al. (2017) and Wei et al. (2018).

Sentinel-2 does not provide thermal imagery. Thus, ground-based and stationary IRT data
were used with Sentinel-2 multispectral data to run the SEB ETa algorithms on a point-based data

source. More details about IRT surface temperature data processing are shown in Appendix E. Re-
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cent studies have indicated that the quality of the Sentinel-2 multispectral data resembles and, in
some cases, outperforms Landsat-8 images in the visible and invisible light spectrum (Sekertekin
et al., 2017; Chakar et al., 2020; Ghayour et al., 2021). Details about the corrections of stationary

IRT data are in Appendix D.

Planet CubeSat is a low-cost and commercial constellation of satellites operated and main-
tained by Planet Labs (Planet Labs, Inc., San Francisco, CA, USA). More than 130 CubeSats units
survey Earth’s landscape (24 km x 16 km scene) on high temporal (daily) and spatial (3 m) spatial
resolutions, providing multispectral imagery in the visible and NIR wavelengths of the light spec-
trum (Planet Team, 2017). The radiometric resolution of Planet CubeSat is 12-bit when the image
is acquired and converted to 16-bit after post-processing steps before imagery is made available.
Planet CubeSat satellites are smaller and lighter than Landsat-8 and Sentinel-2 (0.10 m x 0.10 m
x 0.30 m; 4 kg weight). The satellites have a sun-synchronous orbit, with an altitude range from
450 km to 580 km and an Equator crossing time from 9:30 to 11:30 am local time (Planet Team,

2017). The CubeSat sensor only provides multispectral images (Table 3.6).

Table 3.6: List of Planet CubeSat multispectral bands used in this project.

Bands Description Central Wavelength (nm) Bandwidth (nm) Spatial Resolution (m)
CubeSat Band 1 Blue 491 60 3
CubeSat Band 2 Green 566 90 3
CubeSat Band 3 Red 666 80 3
CubeSat Band 4 NIR 867 80 3

The current Planet Satellite sensors provide no thermal images. Thus, ground-based and sta-
tionary IRT data were used with Planet CubeSat multispectral data to run the SEB ETa algorithms.
The Planet CubeSat surface reflectance images are calibrated and pre-processed with a calibration

factor of 10,000. The accuracy of radiometric calibration of at-sensor reflectance is within 5%.
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Prior atmospheric corrections account for the gases and aerosol concentration and their changes
with an altitude between the landscape and the at-sensor camera in space. MODIS water vapor,
ozone, and aerosol quality control products serve as complementary data to improve the calibration

of Planet CubeSat imagery using the 6SV2.1 radiative transfer model (Planet Team, 2017).

However, the atmospheric corrections are still a work in progress since the approach by Planet
Labs does not include stray light, haze, and thin cirrus clouds effects; it assumes Earth’s land-
scape to behave as a Lambertian surface (homogeneous light scattering in all directions) and that
all scenes to be at sea level (Planet Team, 2017). During imagery post-processing, geometric cor-
rections are done using sensor telemetry, ground control points (GCP), and fine digital elevation
models (DEM). Planet Team (2017) released a harmonized version of Planet imagery (including
CubeSat data) that adjusts the quality of the multispectral data to Sentinel-2 standards. More in-
formation about the imagery harmonization processes is found in Csillik et al. (2019) and Kington

et al. (2019). The CubeSat harmonized images were considered the primary data in this study.

Only clear-sky images at LIRF, IIC, and AVRC sites were used for all three spaceborne remote
sensing sensors for the multi-year datasets. That is to avoid clouds affecting the research fields’
surface reflectance and temperature values. Regarding the Landsat-8 sensor, the ETa evaluation
included the original Landsat-8 sensor (OLIS SR and TIRS 7} imagery data) and the combina-
tion of OLIS SR and ground-based IRT data. Both the TIRS and ground-based 7; measured data
were considered for the Landsat-8 spaceborne sensor since Planet CubeSat and Sentinel-2 relied
on point-based IRT data to be able to apply the SEB ETa algorithms (OSEB and TSEB). The TIRS
T, data were also included to evaluate Landsat-8 with the complete dataset available to the public

since TIRS is the primary source of 7T data for the Landsat-8 sensor.

The reason that supports Landsat-8 as one of the remote sensing sensors in this study is that it

is a well-known remote sensing sensor that has been relevant to ETa applications at the farm and
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regional scales since its launch on 2/11/2013 (Tang et al., 2013; Senay et al., 2016; Madugundu et
al., 2017; Wang et al., 2021; Hassan et al., 2022). Since the launch of S2A (6/23/2015) and S2B
satellites (3/7/2017), Sentinel-2 imagery data have become a reliable open-access remote sens-
ing sensor for research and application towards sustainable agricultural water management and
ETa modeling at the farm and regional landscape scales (Immitzer et al., 2016; Rozenstein et al.,
2018; Segarra et al., 2020; Jiang et al., 2020). Planet CubeSat imagery products have shown vast
capabilities to improve agricultural water management due to their high temporal and spatial res-
olution. When it comes to precision agriculture, several studies have evaluated the benefits and
limitations of using low-cost CubeSat data to support daily decision-making processes at the farm
scale (Houborg and McCabe, 2016; McCabe et al., 2017; Cai et al., 2019; Breunig et al., 2020;
Kimm et al., 2020; Aragon et al., 2021). Spaceborne imagery pre-processing has been done using
ArcGIS 10.8 (ESRI, Redlands, CA). Table 3.7 summarizes the characteristics of each spaceborne

sensor in this study.

Table 3.7: Summary information about this study’s spaceborne remote sensing sensors.

Satellite Characteristics Landsat-8 Sentinel-2 Planet CubeSat
Sun-Synchronous Orbit Yes Yes Yes
Satellite Altitude (km) 705 786 450 to 580
Equator Time (Local Time) 11:30 am 12:00 pm 9:30to 11:30 am
Scene Size (km x km) 185 x 180 290 x 290 24x 16
Temporal Resolution (days) 8to 16 5t0 10 Daily
Multispectral Pixel Size (m) 30 10 3
Thermal Pixel Size (m) 100 (Resampled to 30) N/A* N/A*
Radiometric Resolution (bits) 16 16 16
Imagery Coordinate System WGS84 UTM WGS84 UTM  WGS84 UTM

* N/A stands for not applicable.
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3.11.2 Proximal System

Proximal surface reflectance and nadir-looking 7 data have been measured with a portable
Cropscan multispectral (MSR) radiometer (CropScan Inc., Rochester, MN) at all research sites
during the years of data collection. An MSR radiometer is a lightweight handheld device that
includes a quasi-cubic radiometer (8 x 8 X 10 ¢m) and an attached IRT (Exergen Corporation, Wa-
tertown, MA) that is mounted on a telescopic pole to allow readings at the nadir-looking position

above the canopy (Figure 3.32).

The MSR radiometer has a field of view (FOV) of 28°, and it has taken readings at 2.2 m AGS,
which has provided a ground sampling area equivalent to a 1-m diameter circle (2V:1H aspect
ratio). The Exergen IRT has a 3V:1H ratio that has given a spatial footprint of 1-m diameter. An
MSR is a passive sensor that relies on natural incoming light from the sun and emulates Landsat-5
spectral bands in the visible and invisible light spectrum. The MSR radiometer is named after the

maximum number of SR bands supported in the multispectral detector.

In this study, MSR (five bands) units were deployed at the LIRF and IIC sites, while an MSR16
(sixteen bands, but only eight channels were used in this has been used at the AVRC during the
years of data collection. Multispectral data from the MSR have been sampled two times at the
row and inter-row (total of four readings) and averaged at each point-based location at all three
sites. This research project used MSR radiometers as part of the remote sensing sensor portfolio
since they have been relevant to providing data to improve crop management approaches at the
farm scale (Bronson et al., 2003; Elwadie et al., 2005; Jongschaap, 2006; Costa-Filho et al., 2020;
Costa-Filho et al., 2021). Table 3.8 provides a summary of the data collected using the proximal

radiometers.
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Figure 3.32: A MSR survey at LIRF weather station (GLY04) grass area in 2020. Photo provided by José

Chavez.

Table 3.8: Summary of the multispectral and thermal data from the MSR radiometers.

Instrument Characteristics MSR MSR16
Blue Band Central Wavelength (nm) 485 510
Blue Band Bandwidth (nm) 70 70
Green Band Central Wavelength (nm) 560 560
Green Band Bandwidth (nm) 80 80
Red Band Central Wavelength (nm) 660 660
Red Band Bandwidth (nm) 60 60
NIR Band Central Wavelength (nm) 830 810
NIR Band Bandwidth (nm) 140 140
Multispectral Spatial Scale (m) 1 1
Thermal Spatial Scale (m) 0.80 0.80
Temporal Data Acquisition Weekly to Biweekly Biweekly
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3.11.3 Airborne System

When it comes to new technology applied toward precision agriculture, several studies have
been evaluating the use of Unmanned Aerial Systems (UAS), particularly drones (henceforth,
UAS), to provide very fine spatial resolution images to help implement, among other applica-
tions, variable rate irrigation, ETa mapping, crop phenotyping, and yield monitoring at the farm
scale (Ehsani and Maja. 2013; Yang et al., 2017; Sarron et al., 2018; Maes and Steppe, 2019; Shi
et al., 2019; Niu et al., 2020; Vandermaesen et al., 2021).

The UAS missions (Figure 3.33) were scheduled at all three research sites during the growing
seasons by the USDA-ARS Water Management division and the CSU Drone Center. Both groups
provided SR and LWIR images of the AVRC research fields. In 2021, however, only the CSU
Drone Center could schedule three missions at the AVRC. Furthermore, the USDA-ARS team has
been responsible for UAS images at the LIRF, while the CSU Drone Center has provided imagery

at the IIC site.

Figure 3.33: The UAS missions in this study. Figure 3.33a and Figure 3.33b are from the IIC and AVRC
sites, respectively. Photos provided by Leonardy Tan.
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The UAS images were obtained from two cameras attached to a drone unit. A FLIR Duo Pro
R (FLIR Systems, Inc., Wilsonville, OR, USA) and a MicaSense RedEdge-MX (MicaSense Inc.,
Seattle, WA, USA) were used. The thermal detector has LWIR spectral data ranging from 750 to
1350 nm. The MicaSense RedEdge-MX camera took multispectral imagery. The RedEdge-MX
detector has a five-band composition in the visible and invisible light spectrum: BLUE (475 nm,
32 nm bandwidth), GREEN (560 nm, 27 nm bandwidth), RED (668 nm, 14 nm bandwidth),
Red-Edge (717 nm, 12 nm bandwidth), and NIR (842 nm, 57 nm bandwidth). Table 3.9 summa-
rizes the UAS mission details for the USDA-ARS and CSU Drone Center operations at all three

research sites.

Table 3.9: UAS mission summary for the USDA-ARS and CSU Drone Center at all sites.

USDA-ARS CSU Drone Center
UAS Model Type DIJI S900 DJI M600
Flight Altitude (m) 120 100
UAS Speed (m/s) 5 5
Temporal Resolution at LIRF and IIC Weekly Weekly
Temporal Resolution at AVRC Biweekly or Monthly Biweekly or Monthly
Multispectral Image Pixel Size (m) 0.03 0.08
Thermal Image Pixel Size (m) 0.10 0.15
Multispectral Radiometric Resolution (bits) 32 32
Thermal Radiometric Resolution (bits) 16 16
Overlap/Sidelap Percentage (%) 88/70 80/70
Calibrated Reflectance Panel (Micasense) Yes Yes
Orthorectified Image Coordinate System WGS84 UTM WGS84 UTM
Number of Flights Surveying the Fields Two One
Post-processing Imagery Software Agisoft Metashape Pix4D v4.5.6
Total Number of Missions at IIC (2020 and 2021) N/A 14
Total Number of Missions at LIRF (2017 to 2021) 29 N/A
Total Number of Missions at AVRC (2020 and 2021) 2 5
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The thermal images provided by the CSU Drone Center have issues regarding the FLIR DuoR
camera settings. In the literature, the technical term is sensor calibration drift (Nugent et al., 2013;
Kelly et al., 2019; Aragon et al., 2020; Maguire et al., 2021). Aragon et al. (2020) define thermal
camera drift as undesired changes in target temperature due to uncompensated focal plane array
(FPA) temperature. The thermal camera might not be in thermal equilibrium with the surrounding
environment when taking images of a given area, which leads to less LWIR radiation measured
by the camera at certain zones in the field since the camera is adjusting its internal calibration to

compensate for temperature fluctuations caused by FPA.

Consequently, this thermal calibration issue leads to areas in a thermal image with cooler sur-
face temperatures than the expected values, given the current weather and field conditions when
the image was taken (Fig. 3.34). Due to the CSU Drone Center images having large areas of
insufficient accurate data (i.e., low accuracy in 7§ data), no UAS LWIR data were used at all three
research sites. Instead, the UAS surface reflectance data were combined with nadir-looking 7’ data
from stationary IRT sensors at each research site and served as input data to estimate ETa using the

SEB approaches.
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Figure 3.34: The thermal drift issue from the CSU drone center thermal images at IIC and AVRC sites. The
blue areas are the cooler zones identified due to uncompensated FPA temperatures during the drone flights.
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3.12 Statistical Analysis

3.12.1 Global Sensitivity Analysis Regarding the Novel Pixel Decomposition

Approach

The Sobol global sensitivity (SGS) approach (Sobol, 1990; Sobol, 2001) is based on quanti-
fying uncertainty to determine the impact of any given input parameter in a mathematical model
over the entire input parameter space. The SGS technique uses variance-based metrics to assess
the contribution of individual parameters to the total variance of the model prediction output. By
decomposing the total variance of the model output into components attributed to particular param-
eters and their combinations, the Sobol indices offer a quantitative measure of global sensitivity
for a given model. These Sobol indices provide insights into which parameters are more relevant
to affect model prediction variability. Furthermore, the SGS approach is advantageous for high-
dimensional models (multiple parameters). The SGS approach calculates the Sobol sensitivity
indices using an Analysis of Variance (ANOVA) decomposition, as indicated by Eqs. 3.114 and
3.115 below:

1
D, i, :/0 fizl,,,isdxzj-udxis (3.114)

1 n
D:/ Playde—f2=Y">" Di. (3.115)
0

S=111 <...<’i5
where f(z) is an integrable function of a given model parametrization, with f(z) € Randz € R™;
x;, to z;, are the predictors of the function f(z); D;, ;. is the variance associated to a given model

parameter; D is the total variance observed; f, is a generic initial value of function f(z).

The Sobol global sensitivity index is calculated as the ratio between the variances, as indicated

by Eq. 3.116:
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where S;, ;. means the Sobol global sensitivity index for each parameter of a given mathematical

Siyoiy = (3.116)

model.

The Global Sensitivity Analysis Toolbox (GSAT) for MATLAB developed by Cannavé (2012)
was used to calculate the Sobol global sensitivity indices for the spatial &, novel model (Eq. 3.30),
the NDVI,,;; and NDVI. novel approaches (Eqgs. 3.27 and 3.28, respectively), and the novel pixel
decomposition algorithm (Eqs. 3.6 and 3.13). The parameters with higher Sobol global sensitivity
indices are the ones that have more influence on model variability and accuracy (Cannavo, 2012).
For more details on how to access the GSAT for MATLAB package and intrinsic information about

the SGS approach, refer to Cannavé (2012).

3.12.2 Statistical Analysis of the Thermal Data

Since there were three different sources of thermal data in this study (MSR T, SI-111 T}, and
TIRS from Landsat-8), to identify any pertinent differences among thermal data from the remote
sensing sensors, a non-parametric statistical test for differences in population means was used. The
non-parametric Kruskal-Wallis (KW) test for differences in population means (Kruskal and Wallis,
1952) was used to identify overall differences among multispectral data from the different remote
sensing sensors. The test statistic is calculated as indicated by Eq. 3.117 (Kruskal and Wallis,
1952):

5= Nr - (]1\?7’ +1) ' Z [Tﬁi 3+ 1)} G
where TS denotes the test statistic (dimensionless); Ni is the number of observations in each sample

nin,

size for variable "i"; NT is the total sample size that is the sum of all observations across variables;
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Ti is the sum of the ranks for the data from a given sample size for variable "i" after combining the

datasets.

The null and alternative hypotheses (i.e., H, and H4) for the KW test in this study are the

following, respectively:

a) H,: The mean value of each remote sensing sensor thermal data is the same.

b) H4: At least one thermal data population mean is different from all the remaining sensors.

The KW non-parametric test is an alternative to an Analysis of Variance (ANOVA) test for the
case that one or more ANOVA assumptions are violated (Ott and Longnecker, 2015). In this study,
the null hypothesis assumed that the mean value of each thermal data source is the same. On the
other hand, the alternative hypothesis assumed that at least one nadir-looking 7 sensor data is

statistically different than all the remaining sensors.

To further investigate the statistical differences across the three 7§ sensors, a multiple pairwise
comparison among the three thermal data sources was used. The post-hoc test developed by Dunn
(1964) was the one used in this study since it is the most common non-parametric pairwise com-
parison method (Pohlert, 2014; Dinno, 2015). All statistical analyses were done assuming a level
of confidence equal to 0.05. The p-values were corrected for multiple pairwise comparisons using
the approach developed by Siddk (1967). If the comparison with p-values were less than 0.025,
then the H, hypothesis was rejected (Dunn, 1964). The stats package in RStudio (R Core Team,

2020) was used to run the pairwise comparison analysis for the thermal data.

3.12.3 Measured Evapotranspiration Error Assessment

Before evaluating the ETa estimation across different models and remote sensing sensors, the

first step is to define the best ground-truthing method for determining ETa among the EC system,
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SWB, and BR approaches at LIRF and IIC sites regarding the evaluation of the optimal multispec-
tral sensors for estimating maize ETa for a given ETa algorithm. Every ETa measurement approach
in this study is biased due to inherited assumptions, different measuring footprints, and systematic
errors. Selecting the most accurate ETa measurement technique is critical to ensure the RBCC,
OSEB, TSEBpar, and TSEBser predictions are fairly assessed using quasi-unbiased measured ETa

data.

This study chose an extended triple collocation method (TCe) to evaluate the best measure-
ment technique for ETa at LIRF and IIC 2020 and 2021 datasets. The TCe method proposed by
McColl et al. (2014) is an improved version of the original triple collocation (TC) approach from
Stoffelen (1998) that includes the calculation of the correlation coefficient alongside the calculated
variance between each of the measured data and the unknown true value of a given variable. A
TC and TCe analysis assumes that errors in each independently measured data set are uncorrelated
with each other. Even though all three ETa measurement approaches (EC, SWB, and BR methods)
are not collocated (at the same location) at the IIC and LIRF sites in 2020 and 2021, the analysis
considered the BR and EC footprint that coincides with the locations of the point-based SWB ETa

measurements to obtain representative values of all three measured ETa data for this TCe analysis.

The TCe approach determines the unknown error of a given measured data regarding the ex-
pected actual value (also unknown) through a set of linear functions. The TC approach has been
used in the field of hydrology and remote sensing to evaluate the errors from environmental vari-
ables such as rainfall (Roebeling et al., 2012; Massari et al., 2017; Tanin et al., 2021), LAI (Fang
et al., 2012; Jiang et al., 2017), ETa (Khan et al., 2018; Kibria et al., 2021), and soil VWC (Scipal
et al. 2010; Gruber et al., 2016; Xu et al., 2021). In an ETa analysis, the standard deviation and
correlation coefficients for each measured data technique are calculated using Eq. 3.118 to 3.120,

as follows (McColl et al., 2014):

120



[ QIQ : QIS
(@ - Pl

\/QQQ . Q12 : Q23

o, = Q13 (3.118)
o Q13 : Q23
\/Q“ Q1
Qij = Cov(X;, X;) = (3.119)

pi + o2,  otherwise
i = Bi- oy (3.120)

where o, is the standard deviation of the error between a given measured data and its actual un-
known value; ();; is the covariance between two different measurement systems; ;. is defined as
the product between the slope () of the linear model between the measured and actual value and
the variance of the actual variable value (o}).
The correlation coefficient introduced by McColl et al. (2014) is calculated using Eq. 3.121:
[ [Q12 - Q13 |
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where R, x is the correlation coefficient between the true value and measured data of a given vari-

able. The TCe coefficient of determination is given as RZ . More information about the TCe
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method is found in McColl et al. (2014).

3.12.4 Statistical Error Metrics

The following statistical measures were considered to compare the performance of the different
ETa models across the spaceborne and airborne remote sensing sensors: mean bias error (MBE),
root mean square error (RMSE), normalized MBE (NMBE), normalized RMSE (NRMSE), and
the coefficient of determination (R?). Egs. 3.122 to 3.125 indicate MBE, NMBE, RMSE, and

NRMSE, respectively:

n

1
MBE = — ;1:(& —0;) (3.122)
NMBE = (@) -100% (3.123)
1 n
MSE = | =3 (B - 0:)2 124
MSE
NRMSE = (R OS ) - 100% (3.125)

where, O is the mean of the observed data; F; and O, are the estimated and observed data values,
respectively. NMBE and NRMSE are given in percent, while MBE and RMSE (Eqgs. 3.122 and
3.124, respectively) have the same units of the primary variable. Based on Jamieson et al. (1991)
guidelines, the performance of the ETa models has been classified into one of the following cate-
gories: excellent NRMSE < 10%), good (10% < NRMSE < 20%), fair (20% < NRMSE < 30%),
and poor (NRMSE > 30%).

The R? term is given by Eq. 3.126 as follows (as in Ott and Longnecker, 2015):
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The MBE and RMSE are error metrics associated with the residuals between estimated (or
predicted) and measured (or observed) data. MBE provides information about the model’s trend
to overestimate or underestimate its output on an average basis. The RMSE is an indicator of
accuracy when modeling approaches are used for prediction efforts. The NRMSE is the relative
error compared to the mean measured data and compares performance across different models of
the same response variable. The RZ?, in the context of model performance, is a statistical measure
that indicates the capacity of model output to explain the variability in the measured data of the
same variable. All these statistical error metrics in the literature have been used to characterize the
performance of crop coefficients, SEB, and ETa models (e.g., Kamble et al., 2013; Bhavsar and
Patel, 2016; Wagle et al., 2017; Zhang et al., 2019; Costa-Filho et al., 2020; Costa-Filho et al.,
2021).

3.12.5 Data Outliers’ Filtering

Outliers have been excluded from the analysis based on the Median Absolute Deviation Ap-
proach (M ADA). The M AD A method for filtering extreme values in a dataset uses the median
instead of the mean as a central tendency measure. The median allows for flagging points that are
not in conformity with the trends in the sampled data (Leys et al., 2013). The M AD A index is
defined by Eq. 3.127 when a Gaussian distribution assumption is considered for the data without

the influence of extreme values (Rousseeuw and Croux, 1993; Huber, 2004):

MADA = 1.4826 - Median ||x; — Median(z)| (3.127)
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where z; is the value at a given timestep, M edian(x) is the median of the entire sample size. In
this study, the criteria for filtering the data for potential outliers was the recommendation by Leys
et al. (2013). The median 4+ 2.5 times the M AD A index serves as the range of values expected
in a given sampled dataset. M/ AD A was chosen as the outlier filtering method because it has been
extensively used in ETa studies and does not require tabulated values for further refinement (Bis-
quert et al., 2016; Miller and Miller, 2018; Guillevic et al., 2019; Li et al., 2019; Helbig et al.,

2020).

3.12.6 Machine-Learning Regression Model Selection

The k-fold cross-validation is a resource-intensive technique used to validate a machine-learning
model (Figure 3.35), which allows the use of the entire training dataset for validating the model
without the need for a distinct and independent dataset for validation (Fushiki, 2011; Jiang and
Wang, 2017). This cross-validation method involves the random division of the learning dataset
into a given number of sections (folds). The stratification of the training dataset is based on the out-
come variable of interest. It is a way to secure a uniform distribution of outcomes across each of the
selected data subsets. Within this process, one fold is set aside to be used as an independent valida-
tion dataset. In contrast, the remaining folds are combined to form the first iteration training dataset
for the model-building process. The complete k-fold cross-validation procedure iterates k times,
each time with a unique fold being reserved for testing in each iteration (Rodriguez-Fernandez et

al., 2009; Pohjankukka et al., 2017; Jung, 2018).
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Figure 3.35: The k-fold cross-validation approach for machine-learning model accuracy assessment (Sev-

ing, 2022).

Consequently, k£ unique models are created, and each learned model is subjected to evaluation
against the respective independent fold that serves as an independent dataset subgroup. The aver-
age performance across the & fold evaluation steps is assumed to represent the performance of the
original model, constructed using the entire training dataset for future prediction. In this study, the
number of folds was ten since most applications rely on ten data subsets for making predictions

(Anguita et al., 2012; Wong and Yeh, 2019; Nti et al., 2021). In this study, the model error metrics
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from the k-fold cross-validation were the RMSE and R?.
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Chapter 4

Results and Discussion

4.1 Measured Crop Evapotranspiration Error Assessment

The measured maize ETa error analysis results indicated that measured ETa data from the EC
SEB system was the best measuring technique compared to the BR and SWB approaches (Fig.
4.1). The EC system has had the highest Rﬁ ¢ and lowest 0. compared to the remaining two
measurement ETa techniques. The th, x Vvalues for LIRF and IIC from the EC ETa data were 0.98
and 1, respectively, with standard deviation values less than 0.10 mm/d, which indicates that the
data from the EC is the closest to the true value of ETa. At LIRF, the BR and SWB methods have
had a moderate RZ + value (< 60%), with larger standard deviation values compared to the EC ETa

measured data.
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Figure 4.1: A TCe analysis comparing BR, EC, and SWB measurements of daily maize ETa at LIRF and
IIC sites in 2020-2021.
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When measuring ETa using the SWB approach and soil water content sensors, substantial spa-
tial and vertical variations in soil bulk density and water retention properties may lead to bias
in the measured soil water content data. Spatial variations in irrigation or precipitation moving
through the soil root zone can lead to differential wetting patterns of the unsaturated soil zone.
The necessity for sensor calibration based on soil type, density, and depth further contributes to
the intricacies of environmental data acquisition (Allen et al., 2011; Ghiberto et al., 2011; Gurski

et al., 2016).

Regarding the indirect BR method of measuring ETa, the assumption regarding uniformity in
both horizontal and vertical heat and water vapor sources is not often valid in agricultural fields.
Furthermore, since BR H and LE fluxes are representative of a given upwind footprint area, the
accuracy of BR ETa data depends on having cropland fields with moderately to extensively sized

areas (Allen et al., 2011).

4.2 Statistical Analysis of the Multispectral Data from Remote

Sensing Sensors

4.2.1 Statistical Comparison Among Vegetation Indices Data Sources

The KW analysis of the NDVI, OSAVI, and SAVI calculated from RED and NIR surface
reflectance indicates significant differences among at least two or more remote sensing sensors.
The respective p-values from the KW test for the NDVI, OSAVI, and SAVI were all less than 0.025.
More specifically, when interpreting Dunn’s pairwise comparison test, results indicate no statistical
significance in differences among the multispectral VIs from spaceborne sensors (e.g., Landsat-8

at 30 m, Sentinel-2 at 10 m, and Planet CubeSat at 3 m). However, when comparing the spaceborne
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sensors with both the MSR at 1 m (proximal) and airborne at 0.03 m (UAS) counterparts, Dunn’s

test indicates that VIs were statistically different (Tables 4.1 to 4.3).

Table 4.1: Summary of Dunn’s test results to analyze the NDVI spectral index from all remote sensing
sensors in this study. The ‘*’ symbol indicates the statistically different pairwise comparisons.

RS Sensors Landsat-8 (30 m) MSR (1m) Planet (3 m) Sentinel-2 (10 m) Variable
-5.890 - - - Test-Statistic
MSR (1m)
< 0.025% - - - p-value
-1.015 7.258 - - Test-Statistic
Planet (3 m)
0.815 < 0.025% - - p-value
-0.448 7.322 0.828 - Test-Statistic
Sentinel-2 (10 m)
0.981 < 0.025%* 0.898 - p-value
-4.435 0.437 -4.606 -4.880 Test-Statistic
UAS (0.03 m)
< 0.025%* 0.982 < 0.025%* < 0.025%* p-value

Table 4.2: Summary of Dunn’s test results to analyze the OSAVI spectral index from all remote sensing
sensors in this study.

RS Sensors Landsat-8 (30 m) MSR (1m) Planet (3 m) Sentinel-2 (10 m) Variable
-5.181 - - - Test-Statistic
MSR (1m)
< 0.025% - - - p-value
-1.292 5.874 - - Test-Statistic
Planet (3 m)
0.644 < 0.025% - - p-value
-0.558 6.234 1.075 - Test-Statistic
Sentinel-2 (10 m)
0.967 < 0.025%* 0.782 - p-value
-4.375 -0.145 -4.282 -4.708 Test-Statistic
UAS (0.03 m)
< 0.025* 0.997 < 0.025%* < 0.025%* p-value
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Table 4.3: Summary of Dunn’s test results to analyze the SAVI spectral index from all remote sensing
sensors in this study.

RS Sensors Landsat-8 (30 m) MSR (1m) Planet (3 m) Sentinel-2 (10 m) Variable
-4.550 - - - Test-Statistic
MSR (1m)
< 0.025% - - - p-value
-1.411 4.808 - - Test-Statistic
Planet (3 m)
0.562 < 0.025%* - - p-value
-0.612 5.325 1.169 - Test-Statistic
Sentinel-2 (10 m)
0.957 < 0.025* 0.725 - p-value
-4.271 -0.606 -4.047 -4.536 Test-Statistic
UAS (0.03 m)
< 0.025%* 0.958 < 0.025% < 0.025%* p-value

The fact that spaceborne sensors would have similar spectral indices is supported in the lit-
erature. Multispectral data from Landsat-8 and Sentinel-2 are consistent within a 4+ 2.5 to 6%
difference (Barsi et al., 2018; Pahlevan et al., 2019). Given that Planet CubeSat data in this study
were harmonized based on Sentinel-2 bands, the consistency between Landsat-8 and harmonized
CubeSat data is justified. Regarding MSR and UAS sensors, the VIs differed statistically from
each spaceborne data. Proximal and airborne sensors do not have atmospheric corrections asso-
ciated with the data processing since their readings and imagery are obtained close to the ground

(< 120 m AGS).

In the case of spaceborne imagery, the main difference between the data from each sensor
(e.g., Landsat-8, Sentinel-2, and harmonized Planet CubeSat) is mainly due to spatial scale. When
comparing proximal and airborne sensors, the main difference in the data is also associated with
the spatial scale since Dunn’s test indicated no statistical evidence that NDVI, OSAVI, and SAVI
indices were different between MSR and UAS data. When comparing any spaceborne with the air-

borne or proximal sensor, the data quality differences were the radiometric and spatial resolutions.
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4.2.2 Statistical Comparison Among Thermal Data Sources

When comparing the 7 data from Landsat-8 (resampled from 100 m to 30 m), MSR (1 m),
and stationary IRT (1 m), the KW test indicated that not all the 7 data from the three measurement
sources were statistically the same since the p-value was significantly less than 0.025 (p-value <
2.2 x 10-16). The post-hoc Dunn’s test indicated that Landsat-8 TIRS at 30 m resampled differs
from the 7 data from the roaming MSR Exergen IRT and SI-111 stationary IRTs (Sentinel-2 and

Planet CubeSat ancillary data for running the OSEB algorithm), which is shown on Table 4.4.

Since Landsat-8 TIRS imagery have an original spatial resolution of 100 m, the maize fields at
IIC and LIRF are within only one to two pixels. When Landsat-8 TIRS imagery are resampled to
30 m, it uses a passing filter window that incorporates variability in pixels outside the maize fields,
which hinders its ability to adequately characterize the thermal conditions of the surface (canopy
and soil combined). Since the roaming and stationary IRTs were closer to the ground and had a

much smaller footprint, their data were statistically consistent.

Table 4.4: Summary of Dunn’s test results to analyze the 7 data from Landsat-8, Exergen MSR, and
Apogee SI-111 IRT used in this study. The ‘*’ symbol indicates the statistically different pairwise compar-
isons.

RS Sensors SI-111 IRT (1 m) Landsat-8 TIRS (30 m) Variable
-8.103 - Test-Statistic
Landsat-8 TIRS (30 m)
< 0.025%* - p-value
2.203 8.280 Test-Statistic
MSR IRT (1m)
0.041 < 0.025% p-value
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4.3 Remote Sensing Sensors: Evaluation of Vegetation Indices

Performance

When evaluating f,., the Trout and DeJonge (2018) model had better performance using the
UAS data since the NRMSE had the lowest value among the remote sensing sensors (Figure 4.2).
Although the UAS performed slightly better than the other sensors, it is evident that the NRMSE
values from Planet CubeSat and Sentinel-2 were quite like the UAS results for the f. model. John-
son and Trout (2012) f. predictions in all remote sensing sensors were overestimated, with the
highest overestimation being observed when using the Landsat-8 (30 m) and MSR (1 m) sensors
(11%) and the lowest overestimation presented in the UAS (0.03 m) sensor (5%). Since the linear
K., model for Trout and DeJonge (2018), RBCC is a function of f., an overestimated f. value
leads to a subsequent overestimation of K., due to a linear propagation of error. Also, since the f,
model from Trout and Johnson (2012) is a linear function of NDVI, the overestimation of f. is due
to NDVI values being affected by soil background effects since 90% of the f. data around solar

noon was less than 0.86 for the frequently irrigated fields at both research sites.

a) NMBE of {. Models | LIRF and IIC 2020- b) NRMSE of f, Models | LIRF and IIC 2020-
2021 Data (Johnson and Trout, 2012) 2021 Data (Johnson and Trout, 2012)
20% 30% |
22%
S 11% 1% =20 5%
= 14% 5 L
H10% 8% 2 L 12%
: L 2
z 50 2 10% r l
0% . 0%
ELandsat-8 HSentinel-2 ECubeSat IMSR5 HUAS ®Landsal-8 @ Sentinel-2 ®CubeSat BMSRS BUAS

Figure 4.2: Error Analysis regarding the f. modeling results for LIRF and 1IC 2020-2021 data combined.
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Regarding LAI estimates, the Chédvez et al. (2009) non-linear model performed better when
using the MSR (1 m) sensor since the NRMSE was 13%. The sensor/imagery that performed the
poorest was Landsat-8 (30 m), with the highest observed NRMSE values among all RS sensors in
this study (26%) and the highest underestimation of LAI estimates (-21%). Even though the MSR
provided slightly better results than the remaining sensors, it is evident that, besides Landsat-8,
the performance of MSR, Planet CubeSat, Sentinel-2, and UAS were considered good since their
NRMSE values were within 10% to 20%, with CubeSat (3 m) and UAS (0.03 m) having same
NRMSE of 15% (Figure 4.3). There was an underestimation of LAI estimates in all sensors except
MSR (1 m). The explained variability in the observed LAI for each RS sensor was affected by
the performance of the LAI model at each year of data collection across each research site. For
instance, the UAS-based LAI had a low k2 (0.29) since there was a large underestimation of LAI
estimates in 2021 at the IIC site (-12%) and with a higher NRMSE of 20% compared to a 4%
overestimation of LAl and NRMSE of 12% at LIRF site in 2020 and 2021 datasets. The R? for the

LAI analysis of LIRF 2020 and 2021 data was 0.50, almost 60% higher than the R? from the IIC

in 2021.
a) NMBE of LAI Model | LIRF (2020) b) NRMSE of LAI Model | LIRF (2020)
and 1IC (2020-2021) Data and IIC (2020-2021) Data
10% - " 30% 6%
0% == _
S 1% -1% S 20% -
& o | = . 15%
% = (4 -8% % 13%
Z &10% | L a
20% z ==
<2l ~0 -
30% L i o=

B Landsat-8 [ Sentinel-2 @ CubeSat OMSRS BUAS

(n = 46) (n=135) (n=243) (n=108) (n="63) mlandsat-8 mSentinel-2 mCubeSat @MSR5 mUAS

Figure 4.3: Error analysis of estimated LAI across the remote sensing sensors in this study using combined
multi-year IIC and LIRF data.
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Chavez et al. (2009) calibrated their LAI model considering data from both irrigated maize
and sorghum and dryland sorghum, which could justify the underestimation of LAI since the data
used by Chévez et al. (2009) for calibrating their LAI model considered dryland conditions, which
would have lower LAI values than fully irrigated fields. Thus, the explained variability of observed
LAI values in this study was also due to the limitation of the LAI model in addressing the entire
range of canopy architecture values during the multi-year dataset in this study. Nonetheless, the
errors associated with LAI estimates for the majority of the remote sensing sensors were consistent

with a good model performance (10% < NRMSE < 20%).

Regarding maize h. estimates, the Anderson et al. (2004) model performed better when using
the UAS (0.03 m) sensor since the NRMSE was 17% (Figure 4.4a). The sensor that performed the
poorest was Planet CubeSat (3 m), followed by Landsat-8 (30 m), with observed NRMSE values
among all RS sensors in this study being 21% and 22%, respectively. Furthermore, the under-
estimation of maize h. was evident across all RS sensors. The range of underestimation varied
from -14% (UAS) to -19% (Planet CubeSat). The performance of MSR (1 m), UAS (0.03 m), and
Sentinel-2 (10 m) was considered good since NRMSE was within 10% to 20% (Figure 4.4b). The
apparent underestimation of A, is related to the calibration coefficients of the model from Ander-
son et al. (2004). Anderson et al. (2004) developed a model for rainfed maize and soybeans using
data collected with a regular aircraft near Ames, lowa, USA, which has a more humid climate than
Colorado, USA. Overall, the explained variability of observed maize h. was good since all R? was

greater than 0.70 across all the remote sensing sensors (Figure 4.4b).
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a) NMBE of h, Model | LIRF and IIC b) NRMSE of h, Model | LIRF and IIC

2020-2021 Data 2020-2021 Data
10% ¢ 30% -
.
g 0% £ 20% 19% 179,
B -10% 7
Z -14% 2 10% 2|5
20% -18% -17% _19% -16% Z IOI ?
30% L | T
0%
BLlandsat-8 ®Sentinel-2 ®CubeSat BMSRS BUAS BLandsat-8 ESentinel-2 ECubeSat EIMSRS EUAS

(n=93) m=288) (m=492) (n=174) (n=74)

Figure 4.4: Error analysis of estimated h. across the remote sensing sensors in this study using combined
multi-year IIC and LIRF data.

The uncertainty also caused the errors associated with LAI, h., and f, due to calibrated coeffi-
cients being representative of maize and other crops that had similar, but not the exact crop water
requirements observed during the maize growing seasons at LIRF and IIC in 2020 and 2021. The
empirical models for LAI h,., and f. considered maize or analogous crops under particular con-
ditions and irrigation management practices that could have led to systematic errors when applied
to the maize varieties used in this study. Different maize crop varieties under different climate
conditions have the potential to determine canopy architecture significantly. Thus, differences in
maize canopy physiology characteristics can lead to divergent growth patterns and structural de-
velopment that may not be captured by purely empirical models that were previously published

and calibrated under different local conditions.

134



4.4 Determination of Optimal Remote Sensing Sensors

4.4.1 The Reflectance-based Crop Coefficient Assessment

Sentinel-2 multispectral data provided the best results when estimating daily maize ETa using
the Neale et al. (1990) and Trout and DeJonge (2018) RBCC models, while the MSR sensor gave
the best results when Bausch (1995) RBCC model was evaluated with LIRF and IIC 2020/2021
data combined (Figure 4.5). The daily maize ETa errors (MBE £+ RMSE) associated with the
Sentinel-2 sensor were 0.21 (5%) £ 0.78 (18%) mm/d and 0.59 (14%) + 1.07 (25%) mm/d for the
Neale et al. (1990) and Trout and DeJonge (2018) models, respectively.

Overestimation of daily maize ETa ranging from 5% to 24% was observed in the error analysis
from all sensors when NDVI and f. were the predictors of K. and maize ETa. For the SAVI
RBCC model (Bausch, 1995), the predictions of daily maize ETa had a -0.13 (-3%) 4 0.67 (16%)
mm/d error for the proximal MSR sensor. There was an underestimation of maize ETa observed
in the Landsat-8 (-3%), Sentinel-2 (-6%), and MSR (-3%) sensors, while overestimation of maize

ETa occurred when using Planet CubeSat (8%) and UAS (0.10%) multispectral data.

a) Trout and DeJonge (2018) b) Bausch (1995) ¢) Neale et al. (1990)

.00 RBCC ETa Model RBCC ETa Model RBCC ETa Model
ié ' < 8.00 < 800
£ 6.00 | E 6.00 Eé.OO
E 400 | £ 400 £ 4.00

el
‘é 2.00 :g 2.00 é 2.00
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Figure 4.5: The scatter plot of measured EC ETa vs. estimated RBCC daily maize ETa regarding LIRF-IIC
data combined (2020 and 2021). The red line is the 1:1 line.
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The NDVI sensitivity to soil (and other materials) background reflectance in the RED and NIR
bands could be another explanation for why the Neale et al. (1990) RBCC approach also over-
estimated daily maize ETa values. Bausch (1993), Jones et al. (2015), and Duan et al. (2017)
indicated that NDVI data for row crops such as maize and wheat are subject to soil background
effects and other ground-based material that mask the signals (sunlight radiation) from plant leaves
alone. When SAVI was used in the Bausch (1995) RBCC model, the trend of overestimation did

not appear in the data from all sensors, apart from Planet CubeSat (3 m).

Furthermore the accuracy of the RBCC predictions can be significantly influenced by several
key factors such as maize variety, calibration of remote sensing data, and empirical model cal-
ibration. Different maize varieties exhibit unique growth patterns and canopy structures, which
can affect how light is reflected from the leaves and consequently influence the crop coefficients
derived from remote sensing data. Regarding the RS data, local atmospheric conditions may differ
from when data were collected for RBCC model calibration, which could also indicate a cause of

overestimation of RBCC daily maize ETa predictions.

The underestimation of daily maize ETa from Bausch (1995) could be due to the soil back-
ground adjustment factor (L) prescription. Most studies that use SAVI assume L to be 0.50 for most
environmental and field conditions (e.g., Huete, 1988; Xue and Su, 2017). However, Huete (1988)
highlighted that different ranges of LAI might influence the adjustment factor L, even though Qi
et al. (1994) indicated that L = 0.50 would buffer most of the variations in the canopy signal
due to soil and other elements background effects, which seems acceptable in this study given that

the underestimation of daily maize ETa from Bausch (1995) RBCC model ranged from -3% to -6%.

When independently evaluating the LIRF 2020/2021 data, the results were similar to the pre-

vious analysis with both fields’ data combined (Table 4.5). At the LIRF site, Planet CubeSat and

Sentinel-2 had the exact NRMSE (21%) for the Neale et al. (1990) and Trout and DeJonge (2018)
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RBCC models. The CubeSat sensor had a slightly better 22 (0.83) value than the Sentinel-2 sensor
(R? = 0.82). For the Bausch (1995) model, the MSR sensor provided the best data, with an error
of 0.15 (4%) + 0.53 (14%) mm/d and 84% of explained variability in daily maize ETa observed
data from the EC system. Trout and DeJonge (2018) and Neale et al. (1990) RBCC models contin-
ued the trend of maize ETa overestimation from the LIRF and IIC data analysis. For the Trout and
DeJonge (2018) RBCC model, the overestimation of daily maize ETa ranged from 7% (Landsat-8)
to 27% (MSR), while Neale et al. (1990) RBCC predicted ETa overestimation varied from 8%

(Planet CubeSat) to 24% (UAS).

When independently evaluating the IIC 2020/2021 data, the results were similar to the previous
analysis with both fields’ data combined (Table 4.6). At the IIC site, Sentinel-2 was the optimal
remote sensing sensor when considering the Neale et al. (1990) and Trout and DeJonge (2018)
RBCC models. The error for the Neale et al. (1990) RBCC model was 0.06 (1%) & 0.79 21%)
mm/d, while the associated error when predicting daily maize ETa for Trout and DeJonge (2018)
RBCC model was 0.61 (13%) + 1.20 (25%) mm/d. For the Bausch (1995) model, the MSR proxi-
mal sensor provided the best results, with an error of -0.30 (-7%) £ 0.75 (17%) mm/d and 81% of
explained variability in daily maize ETa observed data from the EC system. Similar to the LIRF
data analysis, Trout and DeJonge (2018) and Neale et al. (1990) RBCC models continued the trend
of maize ETa overestimation from the combined LIRF and IIC data analysis. For the Neale et al.
(1990) model, the overestimation of daily maize ETa ranged from 1% (Sentinel-2) to 14% (UAS),
while Trout and DeJonge (2018) RBCC predicted ETa overestimation varied from 13% (Sentinel-
2) to 30% (MSR).
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Table 4.5: Error analysis for the RBCC daily maize ETa estimation for LIRF 2020-2021 data.

Spatial Resolution

n

MBE NMBE RMSE NRMSE R?

RBCC Model RS Sensor
[m] [-] [mm/d] [-] [mm/d] (-] [-]
Landsat-8 30 14 0.29 7% 0.89 23% 0.62
Sentinel-2 10 34  0.35 9% 0.79 21% 0.82
Neale et al.

Planet 3 60 049 13% 0.80 21% 0.83

(1990)
MSR 1 17 1.00 27% 1.18 31% 0.77
UAS 0.03 11 0.70 18% 1.13 29% 0.34
Landsat-8 30 14  -0.17 -4% 0.65 17% 0.70
Sentinel-2 10 34 -0.11 3% 0.62 16% 0.83

Bausch
Planet 3 60 0.84 22% 1.12 30% 0.77

(1995)
MSR 1 17 0.15 4% 0.53 14% 0.84
UAS 0.03 11 0.09 2% 0.92 24% 0.26
Landsat-8 30 14 0.62 16% 1.05 27% 0.63
Trout and Sentinel-2 10 34 0.57 15% 0.93 25% 0.83
DelJonge Planet 3 60 0.32 8% 0.80 21%  0.77
(2018) MSR 1 17  0.68 18% 0.90 24% 0.84
UAS 0.03 11 0.92 24% 1.24 32% 0.41
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Table 4.6: Error analysis for the RBCC daily maize ETa estimation for IIC 2020-2021 data.

Spatial Resolution n  MBE NMBE RMSE NRMSE R?

RBCC Model RS Sensor

[m] [-] [mm/d] [-] [mm/d] (-] [-]
Landsat-8 30 12 044 12% 0.89 23% 0.62
Sentinel-2 10 32 0.06 1% 0.79 21% 0.82
Neale et al.

Planet 3 59 031 8% 0.80 21% 0.83

(1990)
MSR 1 27 049 11% 1.18 31% 0.77
UAS 0.03 13 0.63 14% 1.13 29% 0.34
Landsat-8 30 12 -0.07 2% 1.04 29% 0.44
Sentinel-2 10 32 -042 9% 0.79 17% 0.65

Bausch (1995)

Planet 3 59 -0.21 5% 0.73 19% 0.69
MSR 1 27 -0.30 7% 0.75 17% 0.81
UAS 0.03 13 -0.07 2% 0.92 20% 0.57
Landsat-8 30 12 0.57 16% 1.35 37% 0.34
Trout and Sentinel-2 10 32 0.61 13% 1.20 25% 0.54
DelJonge Planet 3 59 085 22% 1.16 30%  0.62
(2018) MSR 1 27 1.37 30% 1.49 33% 0.83
UAS 0.03 13 1.09 24% 1.31 29% 0.77

4.4.2 The One-Source Energy Balance Performance Assessment

The results from the OSEB ETa algorithm indicate that the Planet CubeSat (3 m) resulted with
the best performance when estimating hourly maize ETa compared to the other RS sensors since
its NRMSE had a value of 13%. The overall error in predicting hourly maize ETa using CubeSat
(3 m) was -0.02 (-3%) + 0.07 (13%) mm/h. Sentinel-2 (10 m) and MSR (1 m) had very similar
performance when predicting hourly maize ETa, with associated error equal to -0.03 (-5%) + 0.08
(14%) mm/h and 0.01 (1%) % 0.09 (15%) mm/h. Concerning model performance evaluation based
on NRMSE, all sensors/sensors resulted in overall good predictions (10% < NRMSE < 20%) of

maize ETa, apart from the Landsat-8 (30 m) with TIRS (30 m, resampled). The errors associated
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with Landsat-8 (30 m) and TIRS data were -0.05 (-10%) 4= 0.17 (31%) mm/h, while a reduction of
55% and 50% in NMBE and NRMSE was observed when the TIRS was replaced by the Apogee

SI-111 IRT 7T data, respectively (Figure 4.6).

The Landsat-8 TIRS data did not represent the actual field thermal conditions since the original
TIRS pixel size or spatial scale (100 m) represented just a few pixels in the maize research site at
LIRF and IIC and may not have incorporated well the crop conditions within the fields (i.e., con-
taminated pixels). Thus, the Landsat sensor presented unrealistic nadir-looking 7 data for the ETa
model for the conditions encountered in this experiment (Figure 4.7). Errors in T, compromise
the prediction accuracy of the H model from the OSEB approach since it relies on using accurate
temperature difference “7), - T,”. Costa-Filho et al. (2021) showed that the multivariate model
for maize T, presented larger uncertainty when 7 data were inaccurate, i.e., not representing well

actual surface/field thermal conditions.

The NRMSE when estimating H using Landsat-8 and its TIRS data were greater than 30%.
In contrast, the NRMSE values associated with the remaining spaceborne, airborne, and proximal
sensors varied from 20% to 30%. The replacement of TIRS data with proximal IRT 7} data to es-
timate maize ETa using Landsat-8 (30 m), RED, and NIR surface reflectance data provided better
results, with error equals to -0.03 (-5%) & 0.11 (20%) mm/h. Using the stationary IRT data with
Landsat-8 (30 m) SR data improved the estimation of H, R,,, and G by 15%, 9%, and 11%, respec-
tively. Sentinel-2 (10 m) and Planet CubeSat (3 m) had similar performances since the CubeSat
data were harmonized using Sentinel-2 data. Since the 7 data came from the same source (sta-
tionary SI-111 IRT), it was expected that both sensors would have similar errors when predicting
hourly maize ETa. Furthermore, the R? values for Sentinel-2 and Planet CubeSat were nearly the

same (0.84 and 0.83, respectively).
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Figure 4.6: Scatter plots (1:1 line) and error analysis results regarding the OSEB maize hourly ETa modeling
for the combined LIRF and IIC 2020-2021 data. The sample size (n) of each sensor is indicated in the legend
of the figure.
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Figure 4.7: Scatter plots (1:1 line) and error analysis results regarding the OSEB SEB flux modeling for the
combined LIRF and IIC 2020-2021 data.

When evaluating the LIRF 2020-2021 data, the hourly estimated ETa results were consistent
with the previous combined data from LIRF and IIC. The Planet CubeSat (3 m) provided bet-
ter results than the other spaceborne, airborne, and proximal sensors since it had the smallest

NRMSE equal to 12% (Table 4.7). All sensors observed the underestimation of hourly maize ETa
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predictions, with NMBE ranging from -4% to -12%. The underestimation of hourly maize ETa
predictions across all the remote sensing sensors was due to the underestimation of the majority of

canopy architecture variables in the study (LAI and h..).

All sensors, apart from Landsat-8 with TIRS data, explained at least 70% of the variability in
the observed hourly maize ETa data from the EC system. Again, when Landsat-8 TIRS data were
replaced by IRT data (point-based), there was an improvement in the prediction of maize ETa, with
a 30% reduction in NRMSE. When evaluating the IIC 2020-2021 data, the results were consistent
with the previous analysis regarding LIRF and the combined LIRF-IIC data. Again, Planet Cube-
Sat performed better than the others, with an error of 0 (0%) + 0.08 (13%) mm/h.

For the IIC dataset, underestimation of hourly maize ETa predictions was observed in Landsat-
8 (both with TIRS and IRT data) and Sentinel-2 (10 m). A slight overestimation of ETa was present
in the predictions of hourly maize ETa using MSR (1 m) and UAS (0.03 m) data. When Landsat-8
TIRS data were replaced by IRT data (point-based), there was an improvement in the prediction
of maize ETa, with a 40% reduction in NRMSE. The accuracy of ETa estimation was within the
common values of NRMSE previously published in the literature since our accuracy across all
sensors varied from 10% to 25%, which is within the 10% to 40% error observed in other studies

using similar OSEB algorithms for crop ETa (Bhattarai et al., 2016; Acharya and Sharma, 2021).
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Table 4.7: Error analysis results of the OSEB hourly maize ETa evaluation for LIRF and IIC 2020-2021
data, respectively.

Spatial Resolution n MBE NMBE RMSE NRMSE R?

Site RS Sensor
[m] [-] [mm/d] [-] [mm/d] [-] [-]
Landsat-8 IRT 30 14 -0.05 -9% 0.10 19% 0.82
Sentinel-2 10 35 -0.04 -7% 0.07 13% 0.92
LIRF Planet 3 63 -0.03 -6% 0.06 12% 0.89
MSR 1 17 -0.02 -4% 0.08 14% 0.82
UAS 0.03 11 -0.04 -7% 0.09 16% 0.70
Landsat-8 IRT 30 12 -0.01 -1% 0.12 21% 0.64
Sentinel-2 10 32 -0.02 -4% 0.10 15% 0.72
IIC Planet 3 62 0.00 0% 0.08 13% 0.78
MSR 1 28  0.02 3% 0.10 15% 0.69
UAS 0.03 13 0.04 5% 0.12 18% 0.37

4.4.3 The Two-Source Energy Balance Performance Assessment

The results from TSEBpar and TSEBser of ETa algorithms indicated that RS data used from the
MSR (1 m) sensor resulted in the best performance when estimating hourly maize ETa compared
to the use of other RS sensors’ data since the smallest NRMSE was 11% and 14%, respectively for
both TSEB algorithms used. The overall errors in predicting hourly maize ETa using MSR (1 m)
data were -0.02 (-3%) =+ 0.07 (11%) mm/h and -0.02 (-4%) 4 0.09 (14%) mm/h, for the TSEBpar
and TSEBser, respectively. The errors associated with Landsat-8 (30 m) TIRS data used in the RS
of ETa estimation were -0.03 (-5%) =+ 0.16 (29%) mm/h and -0.07 (-13%) £ 0.15 (29%) mm/h. At
the same time, a reduction of 31% and 34% in NRMSE was observed when the TIRS was replaced

by the ground-based IRT data for the TSEBpar and TSEBser, respectively (Figures 4.8 and 4.9).
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The NRMSE errors of estimating H using Landsat-8 multispectral visible and NIR and TIRS
data were more significant than 30% for the TSEBpar and TSEBser, while the NRMSE from the
remaining spaceborne, airborne, and proximal sensors were within 20% to 30%. Using IRT data to
estimate maize ETa with Landsat-8 (30 m) surface reflectance improved the estimation of hourly
maize ETa, with reduced performance errors of 0.02 (4%) + 0.10 (19%) mm/h and -0.04 (-8%) +
0.11 (20%) mm/h for the TSEBpar and TSEBser, respectively. For the TSEBpar, the performance
of the R,, model did not significantly change when using TIRS and IRT data since the NRMSE was
13% and 14%, respectively. The TSEB G model NRMSE ranged from 20% to 45% across all the
remote sensing sensors in this study, which had a fair to poor performance since NRMSE > 20%.
However, since the magnitude of G is much smaller than [7,, and H, the error propagation in LE
estimates due to G is also smaller than the other two SEB input fluxes. Furthermore, the original
TSEB G model assumes that G varies linearly with the R,, flux associated with bare soil. However,
Colaizzi et al. (2012) indicated that G and bare soil R?,, have a time-phased difference between the

two fluxes that requires a specific local calibration using G and bare soil 1,, measurements.

The TSEBser hourly maize ETa underestimation range was within -3% (CubeSat) to -13%
(Landsat-8 TIRS). When considering the TSEBpar algorithm, there was an underestimation of
hourly maize ETa when using UAS (-3%), MSR (-3%), Sentinel-2 (-3%), and Landsat-8 TIRS
(-5%). The slight overestimation of hourly maize ETa for CubeSat (3 m) and Landsat-8 IRT (30
m) were 2% and 4%, respectively. Sentinel-2 (10 m) and Planet CubeSat (3 m) had similar per-
formance since the NRMSE for TSEBpar and TSEBser had a 6% difference between the two

high-resolution spaceborne sensors.
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Figure 4.8: Scatter plots (1:1 line) and error analysis results regarding the TSEB parallel (TSEBpar) maize
hourly ETa modeling results for the combined LIRF and IIC 2020-2021 data. The sample size (n) of each
sensor is indicated in the legend of the figure.
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Figure 4.9: Scatter plots (1:1 line) and error analysis results regarding the TSEB series (TSEBser) maize
hourly ETa modeling results for the combined LIRF and IIC 2020-2021 data. The sample size (n) of each
sensor is indicated in the legend of the figure.

The range of accuracy of both TSEB approaches for maize ETa (10%-30%) was consistent with
previously reported values in the currently existing literature for other row crops such as vineyards

(Nassar et al., 2021). The similar results obtained between maize ETa observed and estimated
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values across from previous studies using different spatial and spectral resolution remote sensing
sensors reinforces the reliability of selecting finer remote sensing spatial resolution sensors to use
as input for predicting crop ETa from a TSEB RS of ETa algorithm to advance sustainable agri-
cultural water management. Nassar et al. (2021) indicated that the smallest errors observed when
predicting LE and crop ETa occurred at spatial resolutions less than 15 m. Figures 4.10 and 4.11

show the scatter plots of the SEB fluxes from TSEBpar and TSEBser, respectively.

The comparative analysis of multiple RS sensors presented a relevant understanding of their
data quality as input for predicting maize ETa using the TSEB RS of ETa algorithms evaluated
in the study. Despite the overall agreement in ETa accuracy observed in the existing literature, it
is important to consider factors such as spectral resolution, revisit frequency, and sensor-specific
limitations when deciding which RS sensor is better given the site-specific conditions and irriga-
tion sustainable needs. Since the MSR (proximal RS sensor) has limitations regarding the spa-
tial coverage of large fields in a timely manner, operational costs, and data processing, its use
could be hindered throughout different stages of the growing season. Given that the high-spatial-
resolution spaceborne sensors (e.g., Sentinel-2 and Planet CubeSat) had similar accuracy perfor-
mance (NMBE and NRMSE) compared to the MSR, their use could be justified when proximal RS
devices are not ideal for collecting data in large agriculture fields with significant areas of canopy

heterogeneity that make on-site data acquisition challenging and unrealistic.
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Figure 4.10: Scatter plots (1:1 line) and error analysis
for the combined LIRF and IIC 2020-2021 data.
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Figure 4.11: Scatter plots (1:1 line) and error analysis results regarding the TSEBser SEB flux modeling
for the combined LIRF and IIC 2020-2021 data.

When evaluating the LIRF 2020-2021 data alone, the results were also consistent with the pre-
vious combined data from LIRF and IIC regarding both the TSEBser and TSEBpar algorithms.
The proximal sensor MSR (1 m) provided better results to estimate hourly maize ETa when com-
pared to all other RS sensors since it had the smallest NRMSE equal to 10% (TSEBpar) and 14%

(TSEBser). See Tables 4.8 and 4.9. Underestimation of TSEBpar hourly maize ETa predictions
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ranged from -1% to -7% for the Landsat-8 TIRS (30 m), Sentinel-2 (10 m), MSR (1 m), and UAS
(0.03 m).

Overestimation of TSEBpar maize ETa was observed in the case of RS data used from Planet
CubeSat (3 m) and Landsat-8 IRT sensors, with respective NMBE equal to 4% and 3%. Regarding
the TSEBser RS of ETa algorithm, similar trends of underestimation and overestimation of hourly
maize ETa were observed compared to the TSEBpar algorithm. There was a 28% and a 26%
reduction in NRMSE for the TSEBpar and TSEBser RS of ETa results when Landsat-8 surface
reflectance and IRT 7} data were used to estimate hourly maize ETa. When evaluating the IIC
2020-2021 data alone, the results were again consistent with the previous analysis regarding LIRF
and the combined LIRF-IIC data. Similarly, the MSR (1 m) provided the best results compared
to the spaceborne and airborne sensors, with an overall error equal to -0.03 (-4%) + 0.08 (12%)

mm/h and -0.04 (-6%) + 0.09 (14%) for the TSEBpar and TSEBser, respectively.

151



Table 4.8: Error analysis from the TSEBpar hourly maize ETa evaluation for LIRF and IIC 2020-2021 data.

Spatial Resolution n  MBE NMBE RMSE NRMSE R?

Site RS Sensor
[m] [-] [mm/d]  [-]  [mm/d] [-] [-]
Landsat-8 TIRS 30 14 -0.04 7% 0.13 25% 0.51
Landsat-8 IRT 30 14 0.02 3% 0.09 18% 0.73
LIRF Sentinel-2 10 35 -0.02 -4% 0.09 16% 0.85
Planet 3 63  0.02 4% 0.10 18% 0.69
MSR 1 17  -0.01 -1% 0.06 10% 0.91
UAS 0.03 11 -0.03 -5% 0.09 15% 0.67
Landsat-8 TIRS 30 12 -0.02 -3% 0.18 33% 0.24
Landsat-8 IRT 30 12 0.03 5% 0.11 21% 0.76
IIC Sentinel-2 10 32 -0.01 2% 0.09 15% 0.73
Planet 3 62  0.00 0% 0.08 14% 0.76
MSR 1 28  -0.03 -4% 0.08 12% 0.82
UAS 0.03 13 -0.01 2% 0.09 14% 0.58
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Table 4.9: Error analysis from the TSEBser hourly maize ETa evaluation for LIRF and IIC 2020-2021 data.

Spatial Resolution n  MBE NMBE RMSE NRMSE R?

Site RS Sensor
[m] [-] [mm/d]  [-]  [mm/d] [-] [-]
Landsat-8 TIRS 30 14 -0.07 -13% 0.14 27% 0.48
Landsat-8 IRT 30 14 -0.07 -13% 0.10 20% 0.81
LIRF Sentinel-2 10 35 -0.01 2% 0.08 15% 0.83
Planet 3 63 -0.03 -6% 0.09 16% 0.79
MSR 1 17 0 0% 0.08 14% 0.82
UAS 0.03 11 -0.04 -8% 0.08 14% 0.78
Landsat-8 TIRS 30 12 -0.07 -13% 0.16 30% 0.41
Landsat-8 IRT 30 12 -0.01 2% 0.12 21% 0.71
IIC Sentinel-2 10 32 -0.05 -8% 0.11 17% 0.75
Planet 3 62  0.01 1% 0.08 13% 0.78
MSR 1 28  -0.04 -6% 0.09 14% 0.75
UAS 0.03 13 -0.09 -13% 0.11 17% 0.72

4.5 The Remote Sensing Calibration Protocol Results

4.5.1 The Novel Light Extinction Model Results

The calibration of the %, model using LIRF 2020 and IIC 2020-2021 datasets resulted in the

following k, model with an R? of 0.95 (Eq. 4.1):

1 NDVI — NDVI,
— 0. 78 [ ——) - 4.1
Fp = —0.05+0.78 (LAI ) In <NDVISM-Z _ NDVIC> “.1)

The calibrated £, model accounts for 95% of the variability observed in the k, data, which is
a good indication that the developed model has a strong and positive statistical linear relationship

between k, and k, (Figure 4.12), as observed in the literature (Baret et al., 1995). The intercept
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and slope regression coefficients have a 95% confidence interval ranging from -0.06 to -0.03 and
0.76 to 0.81, respectively (Table 4.10). The p-values are statistically significant (< 5%), which indi-

cates that the regressed coefficient estimates are statistically validated for future model predictions.

Table 4.10: Summary statistics* of the £, regression model using LIRF 2020 and IIC 2020-2021 datasets
combining data from all remote sensing sensors in this study.

Parameters Estimate 95% Confidence Interval Standard Error Test-Statistics ~ p-value
Intercept (5,) -0.05 [-0.06, -0.03] 0.01 -5.19 5.23e-07
Slope (1) 0.78 [0.76, 0.81] 0.01 62 2.82e-130

*Number of observations: 197; Error degrees of freedom: 195; RMSE: 0.02; F-statistic: 3.84e+03
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Figure 4.12: The fitted k, model considering LIRF 2020 and IIC 2020-2021 datasets across all remote
sensing sensors in this study.

When resorting the analysis to an individual model regression product per remote sensing sen-
sor (e.g., spaceborne, proximal, airborne), similar results were obtained compared to the full re-
gressed model combining all remote sensing datasets for LIRF and IIC 2020 and 2021 data (Figure
4.13). When comparing the regressed intercept estimation per remote sensing sensor, the values

are within the range of -0.03 to -0.08. Planet CubeSat and the MSR had the same intercept value
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(-0.03). Similarly, Landsat-8 and UAS had a model intercept of -0.08. Only Sentinel-2 had a dif-

ferent intercept value (-0.05) compared to the remaining remote sensing sensor.

All the regressed intercepts were statistically significant (p-value < 0.05), as indicated in Table
4.11. Regarding the regressed slopes, the estimated values varied from 0.76 to 0.84. Landsat-8
had the same slope as the UAS. The remaining remote sensing sensors had slopes ranging from
0.76 to 0.79. With the exception of Landsat-8, all the regressed slopes were statistically signif-
icant. Regarding the fitted R?, all remote sensing sensors had extreme and positive 1? values
(Table 4.11), with the lowest being Planet CubeSat (R? = 0.93) and the highest being the MSR
(R* = 0.99). Given that the combined calibration of the &, model using all the remote sensing
sensors has a more robust statistical analysis since the sample size is large enough to support the

validation of the model (n = 197), its regressed coefficients should be used for when predicting k.
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Figure 4.13: The fitted k;, model considering LIRF 2020 and IIC 2020-2021 datasets for each remote
sensing sensor in this study.
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Table 4.11: The summary statistics of the k,, regression model using LIRF 2020 and IIC 2020-2021 datasets
per remote sensing sensors in this study.

RS sensor n R? Parameters Estimate 95% Confidence Interval Standard Error Test-Statistics  p-value
Intercept (53,) -0.08 [-0.17,0.01] 0.04 -1.95 8.00e-03
Landsat-8 16  0.95
Slope (51) 0.84 [0.71,0.95] 0.05 15.38 0.95
Intercept (5,) -0.05 [-0.07, -0.02] 0.01 -3.92 1.45e-03
Sentinel-2 31 0.98
Slope (1) 0.79 [0.75, 0.83] 0.02 40.89 3.40e-27
Intercept (5,) -0.03 [-0.07, 0.01] 0.02 -2.27 0.03
Planet 90  0.93
Slope (1) 0.76 [0.72,0.81] 0.02 34.63 4.79¢-53
Intercept (53,) -0.03 [-0.05, -0.02] 0.01 -3.74 6.16e-04
MSR 39 099
Slope (51) 0.78 [0.75,0.81] 0.01 52.66 2.12e-36
Intercept (5,) -0.08 [-0.12, -0.04] 0.02 -3.96 8.32e-04
UAS 21 098
Slope (1) 0.84 [0.78, 0.90] 0.03 30.83 1.09e-17

When calculating the d(NDVI)/df, term, the linear regression between the minimum and max-
imum NDVI and respective measured f. values (Figure 4.14 and Table 4.12) provided the two
distinct values of d(NDVI,,;,,)/df. and d(NDVI,,,,,)/df. for the linear interpolation to determine
any d(NDVI)/df. for any given f. between 0 and 0.85. The respective calculated values for
d(NDVL,,,;,,)/df. and d(NDVI,,,.)/df. were 0.25 (f. = 0) and 0.39 (f. = 0.85). These results
are d(NDVI,,;,)/df. less than d(NDV1,,,.)/df. since the linear regression slopes for each case
scenario (minimum and maximum NDVI groups) are proportional to the magnitude of NDVI val-

ues used for the regression approach.
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Table 4.12: The data to determine minimum and maximum d(NDVI) /df.. values. Data included all remote
sensing sensors in this study from LIRF 2020, IIC 2020, and 2021 datasets.

Measured f. fe Value Minimum NDVI  f. Value Maximum NDVI

fe <0.10 0 0.106 0.10 0.590
010< f. <035 0.14 0.289 0.19 0.788
035< f. <045 040 0.277 0.44 0.868
045 < f. <055 053 0.253 0.54 0.857
0.55 < f. <0.65 0.61 0.301 0.65 0.907
0.65< f. <0.75  0.69 0.399 0.70 0.933
0.75< f. <085 084 0.358 0.85 0.921

a) Minimum NDVI b) Maximum NDVI

1.000

1.000
v=025x+0.17 ® ]
0.800 R2=10.66 0.800 @
= 0.600 ¢ = 0600 F @
% 0.400 r ) % 0.400
= W % y=0.39x +0.65
= 0.200 E = 0.200 R2=0.77
0.000 ? ‘ ' ‘ ‘ ‘ 0.000 ‘ ‘ ! L |
000 020 040 060 080 1.00 0.00 020 040 060 080 1.00
Measured f¢ Measured f

Figure 4.14: Scatter plots of the data used to determine d(NDVI,,;,,)/df. and d(NDV1,,,4,)/df.

When assessing the performance of f. (Norman et al., 1995; Norman and Kustas, 2000) and
LAI (Chavez et al., 2009) models as input for the novel £, approach, it is evident that both mod-
els provided canopy architecture predictions that were in good agreement with observed values of
their respective variables (Figure 4.15). For the case of f., the error was 0.02 (2%) + 0.07 (10%),
with the f. model explaining 53% of the variability observed in the indirect measurements of f,
using the PAR sensors. Similar performance was observed from the LAI model, with an error of

0.08 m?/m? (3%) £ 0.36 m?/m? (11%). Both f. and LAI models overestimated their respective

157



predictions of maize canopy architecture in this study. However, the overestimation was minor in
magnitude (2% for f. and 3% for LAI predictions). Since LAI is an input in the f. model, it is

clear that part of the overestimation in f, is primarily due to the LAI overestimation.

a) Canopy Cover Model (Norman et al., 1995) b) LAT Model (Chavez et al., 2008)
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Figure 4.15: Scatter plots of observed f. vs. estimated f. (Figure 4.15a) and observed LAI vs. estimated
LAI (Figure 4.15b) with the error analysis statistics. LIRF 2018 and 2022 datasets.

When considering the performance of each LAI and f. (Norman et al., 1995; Norman and
Kustas, 2000) model per remote sensing sensor (Tables 4.13 and 4.14), the NRMSE values for
LAI prediction ranged from 9% (UAS) to 13% (Sentinel-2). There was only an underestimation of
LAI when using the Sentinel-2 multispectral data as input (-4%). Clearly, the underestimation of
LAI due to Sentinel-2 was not significant enough to cause an overall underestimation of LAI when
combining all the remote sensing sensor data in the analysis. The most considerable overestima-
tion of LAI was obtained from the MSR multispectral sensor (8%), which could be associated with
induced systematic errors in the data collection process, given the nature of the measurements be-
ing manually done in the field. The lowest overestimation of LAI predictions was observed when
the UAS data were used as input (1%). Given the fine spatial scale of the UAS multispectral im-
agery data (< 0.10 m), the assessment of point-based conditions seemed more adequate compared

to larger spatial scale remote sensing sensors in this study. The explained variability in LAI data
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ranged from 84% (Landsat-8) to 93% (MSR).

The error analysis of f. predictions (Norman et al., 1995; Norman and Kustas, 2000) across
each remote sensing sensor indicated that the NRMSE ranged from 8% (UAS) to 11% (Sentinel-
2), which presented the same remote sensing sensors as the lowest and highest NRMSE compared
to the LAI model assessment. Regarding the underestimation or overestimation of f., underesti-
mation of f, was observed when using Sentinel-2 and UAS multispectral data as inputs to predict
fe. The underestimation of f, from Sentinel-2 data (-6%) can be related to the underestimation
of LAI when using the same remote sensing sensor (-4%) since LAI is an input to estimate f. in
this study. However, the same pattern is not observed regarding the UAS multispectral data. For
the UAS, there was a slight overestimation of LAT (1%), while f. predictions were overestimated
(-3%). Given the spatial scale nature of UAS imagery (< 0.10 m) and the fact that the f. model
from Norman et al. (1995) and Norman and Kustas (2000) introduce the concept of a vegetation
clumping factor, it is expected that the clumping factor calculations may not completely represent
the vegetated point-based conditions observed in the UAS data, which could contribute to an over-

estimation of f, values.

Table 4.13: The error analysis of LAI across each of the remote sensing sensors in the study. LIRF 2018
and 2022 datasets combined.

Measured f. n MBE (NMBE) RMSE (NRMSE) R?

Landsat-8 16 0.20 (6%) 0.39 (12%) 0.84
Sentinel-2 34 -0.11 (-4%) 0.43 (13%) 0.88
Planet 49 0.13 (4%) 0.33 (10%) 0.91
MSR 24 0.22 (8%) 0.33 (12%) 0.93
UAS 13 0.03 (1%) 0.31 (9%) 0.89
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Table 4.14: The error analysis of f. across each of the remote sensing sensors in the study. LIRF 2018 and
2022 datasets combined.

Measured f. n MBE (NMBE) RMSE (NRMSE) R?

Landsat-8 16 0.04 (5%) 0.08 (10%) 0.40
Sentinel-2 34 -0.04 (-6%) 0.08 (11%) 0.64
Planet 49 0.03 (4%) 0.07 (9%) 0.49
MSR 24 0.07 (10%) 0.08 (11%) 0.84
UAS 13 -0.03 (-:3%) 0.07 (8%) 0.38

Regarding the analysis of NDVI, and NDVI,,;; predictions using the novel approaches derived
in this study, there were smaller errors associated with NDVI, compared to NDVI;,; predictions
(Figure 4.16). The NDVI, estimation had an error of -0.01 (-2%) £ 0.07 (9%). In comparison, the
NDVI,,; error was 0.01 (3%) + 0.02 (17%). The larger NRMSE associated with NDVI,,; could
be due to the fact that the NDVI,,;; model uses NDVI as one input. The NDVI values often change
significantly over time since plants’ seasonal growth is not a linear process. However, given that
the dry soil surface reflectance responses over time do not change significantly, it is evident that the
predictions of NDVI;,;; would differ from the most constant values observed from NDVI of bare
soil parts of the maize fields at LIRF in 2018 and 2022. Now, given that NDVI. theoretically varies
more as the plants grow and increase their green foliage through time and space, it was expected

that the NDVI, model would agree more with on-site values of NDVI for plants.

160



a) Canopy NDVI Model b) Bare Soil NDVI Model
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Figure 4.16: Scatter plots of observed NDVI, vs. estimated NDVI, (Figure 4.16a) and observed NDVI,,;
vs. estimated NDVI,,; (Figure 4.16b) with the error analysis statistics. LIRF 2018 and 2022 datasets.

The SGS analysis of the £, model indicated that NDVI is the primary variable that accounts
for most of the variability in the predictions of £, since it had the highest Sobol index compared
to the other variables in the model across the remote sensing sensors (Figure 4.17). The Sobol
index for NDVI varied from 0.54 (Sentinel-2) to 0.67 (Landsat-8). The other inputs (LAI, NDVI,,
and NDVI,,;;) have lower Sobol indices (< 0.30), which indicates that those input variables have
less accountability for the accuracy of k, predictions. When evaluating the NDVI,. and NDVI,,;
models, the NDVI input variable was also more relevant to explain the variability observed in par-
titioning NDVI values in canopy and soil composites (Table 4.15). The Sobol index for the NDVI
variable ranged from 0.88 to 0.94 regarding the NDVI,. model and from 0.55 to 0.64 regarding the

NDVI,,;; approach.

Regardless of the NDVI composite model for canopy and bare soil, the d(NDVI)/df, input
variable had a negligible contribution to explaining the variance of £, predictions (Sobol indices
near zero). Since the total sum of all the Sobol indices for a given model is equal to one, it is evi-
dent that there were differences in how relevant f. is for either NDVI. or NDVI;,;;. When looking
at the Sobol indices for f,. only, the NDVI,. model had lower Sobol index values for f. compared

to the NDVI,,; Sobol index values for the same input (Table 4.15). This is, the f. input variable is

161



more important to explain the variability of NDVI,,; prediction than to NDVI...

One reason to justify this research finding is to look at the apparent connection between NDVI
and NDVI.. For near fully grown vegetated surfaces, NDVI, and NDVI, values are alike since
there is little bare soil exposure due to leaves covering most of the ground surface. Thus, most of
the variability of NDVI. can be explained by NDVI values under those conditions, which leads to
a small contribution to the NDVI, variance from f, in the proposed novel NDVI. model. For the
NDVI;,;; model, the predictions are associated with NDVI values during the same crop growing
season, which means that the estimation of NDVI,,; is for conditions that are also associated with

plants entering the complete canopy growth stages.

In that case, NDVI values are at their maximum while the NDVI;,;; must remain nearly con-
stant within root zone wetting periods (e.g., irrigation or rainfall events). Thus, the f, input vari-
able tends to be more important for explaining the variance of NDVI,,; estimation than for NDVI,
model predictions. Nonetheless, it is essential to emphasize that NDVI;,; and NDVI, prediction
variances are mainly dependent on NDVI, which was the input variable with the highest Sobol

index in both NDVI composite models.
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Figure 4.17: Bars plots of observed Sobol global sensitivity indices for the novel k, model.

Table 4.15: The Sobol global sensitivity indices for the novel NDVI. and NDVI,,;; models.
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Landsat-8 0.88 0.12 0

Sentinel-2  0.93  0.06 0.01

NDVI. Planet 090 0.09 0.01
MSR 091 0.09 0
UAS 0.94 0.06 0

Landsat-8 0.55 0.40 0.04

Sentinel-2  0.64 0.33 0.03

NDVI,,; Planet 0.58 0.38 0.04

MSR 0.58 0.38 0.04

UAS 0.60 0.36 0.04
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4.5.2 The Machine-Learning Regression Cross-Calibration Results

The best machine-learning regression model for a given composite of surface reflectance (canopy
or soil) and for a given remote sensing of the ETa algorithm was not the same. Considering the
two TSEB and Bausch (1995) algorithms, the GPR machine-learning model seemed to be the best
approach for the visible bands (soil and canopy composites) for both Landsat-8 and Planet Cube-
Sat. For the invisible light spectrum (NIR), the best machine-learning model for adjusting the soil
and canopy data was different for Landsat-8 and Planet CubeSat. For Landsat-8, SVM had the best
performance in adjusting NIR soil and canopy data, while Regression Tree was the best machine-

learning model for adjusting NIR (soil and canopy) for Planet CubeSat.

For the Landsat-8 sensor (Figure 4.18), the GPR model had the lowest RMSE (0.007) for
the BLUE canopy surface reflectance and the highest R? (0.89) among the five models (Figure
4.18). Similarly, for the soil, GPR also performed the best, with the lowest RMSE (0.006) and
the highest &2 (0.79). For the GREEN spectral reflectance of the canopy, GPR again showed the
best performance with the lowest RMSE (0.011) and the highest ?? (0.83). For the soil composite
of the GREEN spectral band, the GPR model had the lowest RMSE (0.009) and the highest R?
(0.83). The GPR had the lowest RMSE (0.010) and the highest R? (0.93) when considering the
RED spectral reflectance of the canopy and the lowest RMSE (0.011) and the highest k2 (0.87) for
the RED soil. Within the invisible light spectrum, for the NIR canopy composite, the Regression
Tree had the lowest RMSE (0.022) and the highest R? (0.73) for the canopy composite. Similarly,
for the soil component of NIR, the Regression Tree also performed better with the lowest RMSE

(0.017) and the highest R? (0.73).
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Figure 4.18: Landsat-8 cross-validation RMSE and R? for the machine-learning model cross-validation
(k-fold method) for the two TSEB (parallel and series) and the RBCC Bausch (1995) algorithms.

Considering the Planet CubeSat sensor (Figure 4.19), the GPR model had the lowest RMSE
(0.006) for the BLUE canopy surface reflectance and the highest R? (0.78) among the five models
(Figure 4.19). Similarly, for the soil, GPR also performed the best, with the lowest RMSE (0.005)
and the highest R? (0.76). The GREEN spectral reflectance of the canopy, GPR, again showed the
best performance with the lowest RMSE (0.006) and the highest R? (0.82). For the soil composite
of the GREEN spectral band, the GPR model had the lowest RMSE (0.006) and the highest R?
(0.79). The GPR had the lowest RMSE (0.007) and the highest R? (0.92) when considering the
RED spectral reflectance of the canopy and the lowest RMSE (0.006) and the highest 2 (0.87) for
the RED soil. Within the invisible light spectrum, for the NIR canopy composite, the Regression
Tree had the lowest RMSE (0.021) and the highest R? (0.83) for the canopy composite. Similarly,

for the soil component of NIR, the Regression Tree also performed better with the lowest RMSE
(0.016) and the highest R? (0.82).
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Figure 4.19: Planet CubeSat cross-validation RMSE and R? for the machine-learning model cross-
validation (k-fold method) for the two TSEB (parallel and series) and the RBCC Bausch (1995) algorithms.

For the Sentinel-2 (Figure 4.20), For the BLUE spectral reflectance of the canopy, the Regres-
sion Tree achieved the lowest RMSE (0.004) and the highest k2 (0.69) among the five models,
indicating a better fit (Figure 4.20). For the soil, GPR performed the best, with the lowest RMSE
(0.004) and the highest R? (0.83). For the GREEN spectral reflectance of the canopy, the Regres-
sion Tree again showed the best performance with the lowest RMSE (0.006) and the highest 12
(0.65). Similarly, for the soil composite, the Regression Tree had the lowest RMSE (0.006) and
the highest R? (0.77). For the RED spectral reflectance of the canopy, GPR had the lowest RMSE
(0.006) and the highest k2 (0.91), indicating the best-fitted model. For the soil, the Regression
Tree performed the best with the lowest RMSE (0.006) and the highest R? (0.77). For the NIR
spectral reflectance of the canopy and soil, the Regression Tree had the lowest RMSE (0.018) and

the highest R? (0.89) for the canopy and the lowest RMSE (0.016) and the highest R? (0.83) for

the soil terms.
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Figure 4.20: Sentinel-2 cross-validation RMSE and R? for the machine-learning model cross-validation
(k-fold method) for the two TSEB (parallel and series) and the RBCC Bausch (1995) algorithms.

For the UAS sensor (Figure 4.21), the Linear Regression model consistently demonstrated
weak performance across all spectral bands and surfaces. The best machine-learning models var-
ied for each surface reflectance band and composite type (soil and canopy), with GPR and Regres-
sion Tree being the most common best models for that airborne sensor. For the BLUE spectral
reflectance of the canopy, the GPR had the lowest RMSE (0.004) and the highest R? (0.75). This
result was different for the respective soil composite, in which the Regression Tree outperformed

the other models by having the lowest RMSE (0.006) and the highest R? (0.62).

For the GREEN spectral reflectance of the canopy and soil, the Regression Tree showed the
best performance with the lowest RMSE (0.006) and the highest R? (0.67) for the canopy and
RMSE (0.008) and R? (0.57) for the soil composite. For the RED spectral reflectance of the
canopy, the GPR had the lowest RMSE (0.007) and the highest R? (0.84). Similarly, for the soil,
the GPR also performed the best, with the lowest RMSE (0.005) and the highest R? (0.78). For
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the NIR spectral reflectance of the canopy, the Regression Tree had the lowest RMSE (0.024) and
the highest 22 (0.78) compared to the remaining machine-learning model evaluated. Similarly, the
GPR model outperformed the other machine-learning models for the soil composite by having the

lowest RMSE (0.016) and the highest R? (0.76).
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Figure 4.21: The UAS cross-validation RMSE and R? for the machine-learning model cross-validation (k-
fold method) for the two TSEB (parallel and series) and the RBCC Bausch (1995) algorithms.

For the RBCC models from Trout and DeJonge (2018) and Neale et al. (1990), considering the
Sentinel-2 surface reflectance data as the optimal input for those two algorithms, the best machine-
learning models also varied depending on the surface reflectance band and respective composite
(soil and canopy). For the Landsat-8 (Figure 4.22) and the BLUE S Re, Linear Regression showed
the lowest RMSE (0.004) and highest R? (0.66), indicating a better fit compared to other models
evaluated. Similar results were obtained for BLUE S Rs since the Linear Regression model also
displayed the lowest RMSE (0.010) but with a lower R? (0.47). However, despite differences in

R? values, the RMSE values for both canopy and soil reflectance are within relatively close range
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across models.

Similar trends were observed regarding the GREEN soil and canopy model calibration. For

GREEN SR, all tested ML models showed equivalent goodness-of-fit, with R? values ranging

from 0.61 to 0.63. However, GREEN SRs showed more variability in goodness-of-fit among

models, with the SVM model having the highest R? (0.73) and lowest RMSE (0.010). Consider-

ing the Red surface reflectance band, The Linear Regression model provided a better fit for both

canopy and soil reflectance, with lower RMSE and higher R? compared to other models. For

RED SRs, all models exhibit relatively high R? values, indicating strong goodness-of-fit. In the

NIR spectral range, Linear Regression consistently showed the best fit across both canopy and

soil reflectance data. Overall, the Linear Regression model outperformed other ML models across

different spectral bands and reflectance types.
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Figure 4.22: The Landsat-8 cross-validation RMSE and R? for the machine-learning model cross-validation
(k-fold method) for the RBCC algorithms from Neale et al. (1990) and Trout and DeJonge (2018).



For the Planet CubeSat (Figure 4.23) and the BLUE S R¢, the GPR model showed the lowest
RMSE (0.009) and highest R? (0.69). However, for the BLUE S Rs, the Linear Regression model
displayed the lowest RMSE (0.010) but with a similar 22 (0.70) compared to the other ML mod-
els. Similar trends were observed regarding the GREEN soil and canopy model calibration. For
GREEN SR, all tested ML models showed a varying range of goodness-of-fit results, with R?

values ranging from 0.63 to 0.75.

However, GREEN S Rs showed more variability in goodness-of-fit among models, with the
Linear Regression model having the highest R? across the ML models evaluated (R? = 0.75).
Considering the RED surface reflectance band, The Linear Regression model provided a better fit
for the canopy, and the GPR model was the best fit for the RED S Rs. In the NIR spectral range,
the GPR consistently showed the best fit across both canopy and soil reflectance data, with RMSE
for canopy and soil equal to 0.022 and 0.018, respectively. Overall, the Linear Regression and

GPR models outperformed other ML models across different spectral bands and reflectance types.
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Figure 4.23: The Planet CubeSat cross-validation RMSE and R? for the machine-learning model cross-

validation (k-fold method) for the RBCC algorithms from Neale et al. (1990) and Trout and DeJonge
(2018).

For the MSR (Figure 4.24) and the BLUE S Rc, the Linear Regression model showed the lowest
RMSE (0.009) and highest R? (0.59) among the models evaluated. However, all ML models had
low R?, which varied from 0.46 to 0.58. For the BLUE S Rs, similarly to BLUE S Rc, the Linear
Regression model displayed the lowest RMSE (0.010) but with a higher R? (0.76) compared to the
other ML models. Despite the SVM model (R? = 0.58), all the other ML-calibrated models had
R? results with similar values (0.70 to 0.76). For the GREEN soil and canopy model calibration,

the GPR model was the best-calibrated fit since it had RMSE 0.007 and 0.009, respectively.
Considering the RED surface reflectance band, the Linear Regression model provided a better

fit for the canopy and soil reflectance. The respective RMSE were 0.012 and 0.007. In the NIR

spectral range, the GPR showed the best fit across for the NIR S Rc, and the Linear Regression
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was the best ML model for the NIR S Rs, with RMSE equal to 0.019 and 0.016, respectively. The
R? values for all the ML models evaluated regarding the NIR S Rc ranged from 0.80 to 0.85. The
Linear Regression and GPR models had the same R? (0.85) but slightly different RMSE (0.019
compared to 0.019, respectively). Overall, the Linear Regression and GPR models outperformed

other ML models across different spectral bands and reflectance types.
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Figure 4.24: The MSR cross-validation RMSE and R? for the machine-learning model cross-validation
(k-fold method) for the RBCC algorithms from Neale et al. (1990) and Trout and DeJonge (2018).

For the UAS (Figure 4.25) and the BLUE surface reflectance band, the GPR model showed the
lowest RMSE and highest k% among the models evaluated for both the soil and canopy composites.
The RMSE values for BLUE S Rc and BLUE S Rs were 0.017 and 0.012, respectively. There was
large variability in R? values for both soil and canopy composites of the BLUE spectral range.
Considering BLUE S Rc, the R? ranged from 0.23 (Regression Tree) to 0.74 (GPR). For the BLUE
SRs, the R? values were from 0.07 (SVM) to 0.78 (GPR). Despite the SVM model (R? = 0.58), all
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the other ML-calibrated models had R? results with similar values (0.70 to 0.76). For the GREEN

soil and canopy model calibration, the SVM model was the best-calibrated fit since it had RMSE

0.009 for both variables.
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Figure 4.25: The UAS cross-validation RMSE and R? for the machine-learning model cross-validation (k-
fold method) for the RBCC algorithms from Neale et al. (1990) and Trout and DeJonge (2018).

Considering the RED surface reflectance band, the Regression Tree model provided a better

fit for the canopy and soil reflectance. The respective RMSE were 0.007 and 0.007. In the NIR

spectral range, the GPR showed the best fit across for the NIR S Rc, and the SVM was the best ML

model for the NIR SRs, with RMSE equal to 0.016 and 0.017, respectively. The R? values for all

the ML models evaluated regarding the NIR S Rc ranged from 0.47 to 0.60.

For the OSEB algorithm from Costa-Filho et al. (2021), considering the Planet CubeSat surface

reflectance data as the optimal input for predicting maize hourly ETa, the best machine-learning

models also varied depending on the surface reflectance band and respective composite (soil and



canopy). Regarding the Landsat-8 data (Figure 4.26), for the BLUE surface reflectance band, the
GPR model showed the lowest RMSE and highest 2? among the models evaluated for BLUE S Rc
and the Regression Tree was the best fit for the BLUE SRs. The RMSE values for BLUE SRc

and BLUE S Rs were 0.005 and 0.006, respectively.

There was considerable variability in R? values for the canopy composite compared to the
BLUE soil variable. Considering BLUE SRc, the R? ranged from 0.62 (SVM) to 0.83 (GPR). For
the BLUE S Rs, the R? values were from 0.74 (SVM) to 0.78 (Regression Tree). Despite the SVM
model (R? = 0.62), all the other ML-calibrated models had R? results with similar values (0.70
to 0.76) for the BLUE S Rc variable. For the GREEN soil and canopy model calibration, the GPR
model was the best-calibrated fit since it had RMSE equal to 0.005 and 0.005 for the GREEN S Rc
and GREEN S Rs variables, respectively. The R? values for both soil and canopy composites of
the GREEN surface reflectance band were greater than 0.70, which is an overall indicator that the

ML models evaluated had a satisfactory calibration.

Considering the RED surface reflectance band, the Regression Tree model provided a better fit
for the RED soil reflectance, and the GPR model was the best option for adjusting the Landsat-8
data. The respective RMSE values were 0.006 and 0.006. In the NIR spectral range, the Regression
Tree was the best ML model for the NIR SRs and NIR SRc, with RMSE equal to 0.011 and
0.015, respectively. The R? values for all the ML models evaluated were greater than 0.85, which

indicated a strong fit across the ML-assessed models.
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Figure 4.26: The Landsat-8 cross-validation RMSE and R? for the machine-learning model cross-validation
(k-fold method) for the OSEB algorithm from Costa-Filho et al. (2021).

Regarding the Sentinel-2 data (Figure 4.27), for the BLUE surface reflectance band, the Re-
gression model showed the lowest RMSE and highest k2 among the models evaluated for BLUE
SRc and BLUE SRs data. The RMSE values for BLUE SRc and BLUE SRs were 0.005 and
0.006, respectively. For the GREEN soil and canopy model calibration, the GPR and Regression
Tree model was the best-calibrated fit since they had RMSE equal to 0.005 and 0.007 for the
GREEN SRc and GREEN SRs variables, respectively. The R? values for both soil and canopy
composites of the GREEN surface reflectance band were greater than 0.70, which is an overall

indicator that the ML models evaluated had a satisfactory calibration.

Considering the RED surface reflectance band, the Regression Tree model provided a better
fit for the RED soil and canopy reflectance data. The respective RMSE values were 0.007 and

0.008, with 2 value for the RED S Rc greater than RED SRs (0.87 > 0.79). In the NIR spectral
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range, similarly to the RED surface reflectance data, the Regression Tree was the best ML model
for the NIR SRs and NIR S Rc, with RMSE equal to 0.018 and 0.022, respectively. The R? values

for all the ML models evaluated were greater than 0.75, which indicated a strong fit across the

ML-assessed models.
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Figure 4.27: The Sentinel-2 cross-validation RMSE and R? for the machine-learning model cross-
validation (k-fold method) for the OSEB algorithm from Costa-Filho et al. (2021).

The GPR and Regression Tree ML models were the best-performing models, particularly for
visible spectral bands, where GPR consistently showed lower RMSE and higher R? throughout the
data analysis. However, for NIR reflectance, the best model varied depending on the sensor and the
specific reflectance data (soil or canopy), with Regression Tree often outperforming others. The
variations in ML model performance could be related to differences in RS sensor characteristics,
spectral data type, and local field conditions when the data from each RS sensor were collected.

Models generally failed to maintain high accuracy across all local environmental conditions due
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to these variations, which created an added challenge for having a single ML model as the best
choice across the different RS sensors and ETa algorithms evaluated. Thus, the best ML regression

models depended on the specific characteristics of the dataset and the RS sensor used.

4.6 Adjusted Surface Reflectance Data: Crop ETa Prediction

Assessment

Results indicated that the adjusted RS data improved the accuracy of both hourly and daily
maize ETa values. At the LIRF site (2017 and 2022 datasets combined), regarding the remote
sensing crop coefficient models for daily maize ETa, the Trout and DeJonge (2018) model had
better-improved performance when adjusted data from Planet CubeSat were used. The errors in
daily maize ETa from the original and adjusted Planet CubeSat data went from 0.59 (13%) + 0.97
(21%) mm/d to 0.36 (8%) £ 0.75 (16%) m/d.

For the Bausch (1995) remote sensing crop coefficient model for daily maize ETa, the remote
sensing sensor that had better performance after the use of the remote sensing calibration func-
tions was the UAS since the errors were reduced from -0.42 (-11%) =+ 0.76 (20%) mm/d to -0.21
(-5%) £+ 0.41 (11%) mm/d. For the Neale et al. (1990) model for daily maize ETa, the UAS was
the remote sensing sensor that showed more improvements in predicting daily maize ETa after
implementing the calibration protocol. The improved accuracy of Neale et al. (1990) daily ETa

estimation using UAS data was 0.32 (8%) + 0.40 (10%) mm/d.

Regarding the OSEB, TSEBpar, and TSEBser algorithm predictions of hourly ETa using LIRF
data, the remote sensing products that had more improvements when serving as input data to pre-
dict maize ETa varied among the three surface energy balance algorithms. For OSEB, the UAS

remote sensing sensor improved best when comparing hourly ETa predictions before and after
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surface reflectance data adjustments. The normalized RMSE went from 0.11 (19%) mm/h (with
original UAS remote sensing data) to 0.07 (13%) mm/h (after the novel calibration protocol ad-

justed the UAS remote sensing original data).

For the UAS, there was a decrease in overestimation of hourly maize ETa after the use of the
calibration protocol since the normalized MBE decreased from 0.03 (6%) mm/h overestimation to
a -0.01 (-1%) mm/h slight underestimation of hourly maize ETa. For the TSEBpar, the Landsat-
8/9 remote sensing sensor with its original surface temperature imagery had the best improvements
when the calibration protocol for remote sensing data was used. The normalized RMSE went from
0.19 (34%) mm/h to 0.11 (20%) mm/h. A slight decrease in underestimation was observed since
the normalized MBE went from -0.04 (-7%) mm/h to -0.03 (-6%) mm/h. Regarding the TSEBser,
the adjusted UAS remote sensing sensor data provided the greatest improvements in hourly maize
ETa estimation since the normalized RMSE went from 0.10 (18%) mm/h to 0.05 (9%) mm/h. Un-
derestimation of hourly maize ETa prediction was not observed when the adjusted UAS remote
sensing data was used with the TSEBser since the normalized MBE changed from -0.04 (-8%)

mm/h to -0.0001 (-0.03%) mm/h.

At the AVRC site for the maize field data in 2020, regarding the remote sensing crop coeffi-
cient models for daily maize ETa, the Trout and DeJonge (2018) algorithm performed better when
adjusted data from MSR were used. The errors in daily maize ETa from the original and adjusted
MSR data went from -1.45 (-16%) 4 1.58 (17%) mm/d to -1.25 (-14%) + 1.36 (15%) mm/d. For
the Bausch (1995) remote sensing crop coefficient model for daily maize ETa, the remote sensing
sensor that had better performance after the use of the remote sensing calibration functions was the
Landsat-8 since the errors were reduced from -1.84 (-28%) + 2.61 (39%) mm/d to -1.14 (-17%)
+ 1.79 (27%) mm/d. For the Neale et al. (1990) model for daily maize ETa, similar to Trout and
DeJonge (2018) model performance, the MSR was the remote sensing sensor that showed more

improvements in predicting daily maize ETa after implementing the calibration protocol. The im-
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proved accuracy of Neale et al. (1990) daily ETa estimation using ground-based MSR data was

-0.11 (-1%) £+ 0.47 (5%) mm/d.

For OSEB, regarding the maize field at the AVRC, the Sentinel-2 remote sensing sensor had
the best improvements when comparing daily maize ETa predictions before and after surface re-
flectance data adjustments. The normalized RMSE went from 1.66 (24%) mm/d (with original
Sentinel-2 data) to 1.19 (17%) mm/d (after the novel calibration protocol adjusted Sentinel-2 orig-
inal data). There was a decrease in underestimation of daily maize ETa after using the calibration
protocol since the normalized MBE decreased from -1.37 (-20%) mm/d to -0.93 (-13%) mm/d of

maize ETa.

For the TSEBpar, the Planet CubeSat remote sensing sensor had the best improvements when
the calibration protocol for remote sensing data was used. The normalized RMSE went from 1.45
(23%) mm/d to 0.77 (13%) mm/d, a 47% improvement in predicted daily maize ETa accuracy.
A slight decrease in underestimation was observed since the normalized MBE went from -0.23
(-4%) mm/d to -0.17 (-3%) mm/d. Regarding the TSEBser, the adjusted Landsat-8 remote sensing
sensor data, with local surface temperature data from infrared thermometry, provided the greatest
improvements in hourly maize ETa estimation since the normalized RMSE went from 1.68 (32%)
mm/d to 1.30 (25%) mm/d, almost a 23% error reduction. However, there was a slight increase
in underestimation of daily maize ETa prediction since the normalized MBE changed from -0.66

(-13%) mm/d to -0.88 (-17%) mm/d.
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4.7 Discussion of the Study’s Main Findings

4.7.1 Potential Field Heterogeneity Conditions

The developed calibration protocol for improving the quality of RS data considered maize fields
under surface homogeneous conditions for most of the data collection years across the research
sites investigated. Thus, when field heterogeneity is significant, such as variations in irrigation
efficiency, soil texture, and vegetation types (e.g., maize fields with cover crops, different crop
types at the edges of cropland fields, etc.), the calibration protocol application must be used with
caution. That is because on-site field variability can significantly influence the effectiveness of RS

techniques for estimating crop ETa.

Surface heterogeneity adds more uncertainty to the calibration of surface reflectance data to
improve image quality and subsequent data analysis. For instance, varied vegetation densities due
to a mixture of row and cover crops within a given RS pixel image may result in variable surface
albedo, plant moisture content, and surface heat exchange patterns with the surrounding atmo-
sphere, which can affect the spectral signatures captured by RS sensors. If the goal is to predict
row crop ETa, the mixed pixel spectral response (e.g., soil, row crop, cover crop) may introduce

extra uncertainty in vegetation indices (e.g., NDVI, SAVI, f., LAI).

The prospective use of ML algorithms such as Regression Tree and GPR to adjust RS data
shows potential in managing field heterogeneity since these ML models can learn complex pat-
terns from the data associated with field heterogeneous conditions, which could potentially over-
come the limitations of the current study if new training data could be incorporated more frequently

throughout a given crop growing season.
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4.7.2 Transferability of k, Spatial Model

The range of LAI for maize in this study was from 1.5 to 3.5 m?/m? across all research sites
investigated from 2017 to 2022. Thus, since the novel spatial k, model was calibrated with local
maize data in Colorado, with LAI values within the range provided, the transferability of the k,
approach to other crops or structural conditions would depend significantly on how the differences
in canopy structure, leaf geometry, and surface reflectance properties are similar to the data used

for calibrating the proposed k, model.

Crops with denser or more clumped leaves at maximum canopy growth (e.g., wheat, rice,
soybeans) can exhibit different light interaction dynamics compared to maize since the light inter-
ception by the canopy is a direct function of, among many parameters, the shape of the vegetation
architecture. Thus, using the proposed k,, model for crops that have different leaf structures would
require some parameterization adjustments to ensure the incorporation of crop-specific calibration
data. Nonetheless, since the study considered maize crop types that were from different varieties,
the k, model could be used for maize in regions where the local climate is similar to semi-arid,

such as Colorado, USA.

Moreover, the accuracy and applicability of the k, model to different crops would also depend
on the availability and quality of RS data across different spectral bands, as the sensitivity to varia-
tions in LAI predictions from different models might differ depending on RS sensor characteristics
and the spectral reflectance properties of different crops’ leaves and canopies. The study used the
f. model from Norman et al. (1995) and the LAI non-linear model from Chavez et al. (2008) to
characterize the maize canopy architecture. The use of f. and LAI, which are different from the
ones used in this study, may also contribute to either improving or worsening the accuracy of k,

predictions when considering the proposed spatial novel approach.
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Regarding the evaluation of NDVI products related to the novel £, model, denser and healthier
vegetation have high NDVI values, which might correspond to higher ETa rates due to increased
transpiration when there are no water stress conditions. The variability in NDVI readings across
different RS sensors could be associated with differences in sensor surface reflectance data cali-
bration, spatial resolution, spectral data quality, and the timing of data acquisition, which directly
influences the reflection of light radiation from the surface due to the position of the sun when the
imagery is acquired. Such inconsistencies in RS data types might justify the different performance
of maize ETa estimation when using the evaluated RS sensors since any vegetation index may not
accurately reflect the true vegetation state when the RS data from the same surface, but with sen-

sors providing measurements of surface reflectance with different post-processing standards.

4.7.3 The RS Optimal Data, Crop ETa Algorithms, ML Algorithms Recom-

mendations, and Limitations

Overall, the use of RS data from fine-resolution sensors (e.g., MSR, Planet, and Sentinel-2)
provided the necessary spatial and spectral resolutions to support accurate predictions of maize
ETa (hourly and daily timesteps). Since most RS of ETa algorithms evaluated in this study were
not calibrated using UAS multispectral data at very fine spatial resolutions, the use of UAS RS data
for predicting maize ETa was not considered an optimal RS sensor. However, when the adjustment
of the UAS data using the proposed calibration protocol provided the means to support the use of

UAS to better estimate maize ETa.

Regarding the RS of crop ETa models evaluated, the TSEB algorithms were promising ap-
proaches to estimating maize ETa when compared to the OSEB and the three RBCC models. The
TSEB algorithms incorporate more input parameters that allow for a better field assessment of soil

water evaporation and plant transpiration rates. However, the OSEB model was also a promising
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approach for estimating maize ETa, with errors similar to those of the TSEB algorithms when
canopy conditions reach maximum growth stages. The main assumption of the OSEB approach
for ETa modeling is that soil and vegetation could be considered as one unique surface, which is
often the case when soil background exposure is minimized when most of the ground surface is

covered by vegetation.

Furthermore, ML models such as GPR and Regression Trees have shown considerable promise
in validating the calibration of remote sensing data used for ETa estimations. These two ML regres-
sion models have advantages over the other ML approaches evaluated since they can account for
more complexities inherent in agricultural datasets and enhance the predictive accuracy of ETa cal-
culations. The Regression Tree partitioning of the RS data into smaller clusters allows for a more
localized prediction of groups of RS data with similar patterns. The GPR provides an added ad-
vantage by determining uncertainty estimates in its predictions based on probability theory, which

allows the model to adjust the predictions to represent the training datasets better.

Variability in field sizes, crop types, and farming practices can add more complexity that was
not initially identified in the controlled environments where the data for developing the calibration
protocol for RS surface reflectance were obtained. Regarding the RS data, differences in temporal
resolution can limit the frequency of data acquisition for refinement of the RS calibration protocol
in different geographical areas, which might not aid the need for optimal agricultural decision-
making on a daily to weekly basis. Furthermore, RS data uncertainty in sensor calibration across
different types of data (e.g., proximal, airborne, spaceborne) can lead to inconsistencies in the final
imagery products, affecting the reliability of the developed calibration protocol and the accuracy
of crop ETa calculations. Regular calibration against ground truth data is essential. Still, it can
be resource-intensive, which might have long-term implications on the reliability of crop ETa and

"improved" RS surface reflectance data within the context of climate change.
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Chapter 5

Conclusions

This study assessed the impact of different remote sensing data on the estimation of crop ETa
modeling, focusing on both hourly and daily time steps to develop a comprehensive calibration
protocol to enhance the quality of the data of non-optimal remote sensing data to predict crop ETa
accurately. Furthermore, this study evaluated the accuracy of ETa rates derived from calibrated
and standardized imagery obtained through selected RS-based ETa algorithms using just surface
reflectance data and a combination of surface reflectance and point-based thermal data. The study
hypothesized that the ability to characterize crop ETa from different remote sensing of ETa algo-

rithms depended on the spatial and spectral resolution of the multispectral input data.

The multispectral surface reflectance values from the different sensors, for the most part, are
statistically different, and different remote sensing of ETa models perform better with RED and
NIR surface reflectance data for specific remote sensing sensors. For the RBCC models from
Neale et al. (1990) and Trout and DeJonge (2018), the best remote sensing sensor (optimal spatial
and spectral resolutions) was that from the Sentinel-2 (10 m) sensor, while the RBCC from Bausch

(1995) had the proximal sensor MSR (1 m) as the optimal remote sensing data.

For the OSEB algorithm from Costa-Filho et al. (2021), the best RS input data were from
Planet CubeSat (3 m) and in-situ IRT data. Even though estimating crop ETa can be achieved us-
ing any RS sensor, considering the use of optical remote sensing input data (multispectral images
from a given sensor) for a given RS ETa algorithm has the potential to yield more accurate ETa

estimates and thus optimize irrigation water management.
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For the TSEB approaches evaluated, TSEBpar and TSEBser, the best remote sensing-based
data for predicting maize ETa was that from the proximal or ground-based MSR instrument. The
second-best RS data were multispectral reflectance images from the UAS, Planet, and Sentinel-2
remote sensing sensors (plus surface temperature from stationary IRT sensors). Using RS data

from Landsat-8 resulted in larger ETa estimation errors.

A novel spatial k, coefficient model, combined with machine learning regression, provided al-
ternative ways to validate an approach for pixel decomposition of surface reflectance into soil and
vegetation composites, which contributed to enhancing the quality of surface reflectance imagery
data for crop ETa prediction. The novel £, model provided a spatial approach to refine calculations
of how much light is absorbed or reflected by vegetation and soil on a spatial basis. The spatial

prediction of k, contributed to adjusting the accuracy of reflectance data.

Furthermore, the novel spatial k, model, determined with a regression coefficient of determi-
nation R? value of 0.95, demonstrated a strong statistical linear relationship between k, and k.
The regression coefficients, including the intercept and slope, exhibited 95% confidence intervals
and p-values that validated the k, model’s reliability for future predictions. The k, model perfor-
mance analysis considered maize surface multispectral data from several remote sensing sensors,
revealing similar statistical results across the various sensors investigated. Although slight varia-
tions existed in intercept and slope values, for the k, model, among the remote sensing sensors, all

sensors exhibit strong R? values, which emphasizes the novel &, model’s consistent performance.

The results of the study demonstrated some improvements in the accuracy of maize crop ETa
estimation at both daily and hourly time steps, with the utilization of adjusted surface reflectance
data across various spatial resolutions and sensors. At the LIRF site, the Trout and DeJonge (2018)
model for daily maize ETa had improved performance when adjusted data from the Planet Cube-

Sat (spaceborne) sensor was used. Additionally, the Bausch (1995) and Neale et al. (1990) models
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showed improved accuracy with the utilization of remote sensing calibration functions, particu-
larly with UAS data (airborne). The results of this study regarding crop ETa model performance
for maize fields in semi-arid climates similar to Colorado (USA) highlight the importance of re-

mote sensing data calibration for agricultural water applications regarding irrigation scheduling.

Furthermore, regarding the AVRC site, daily maize ETa estimations were also improved with
the application of remote sensing calibration functions. Accuracy improvements in ETa model
performance occurred across different remote sensing sensors, including MSR (proximal) and
Landsat-8, highlighting the versatility of the calibration protocol across varied remote sensing
sensors. Additionally, Sentinel-2 and Planet CubeSat RS sensors exhibited improvements in daily

maize ETa predictions with the implementation of the calibration protocol.

Even though estimating crop ETa can be achieved using multispectral data from different re-
mote sensing sensors, considering the use of optimal sensors/data for a given remote sensing ETa
algorithm has the potential to improve crop ETa and, therefore, optimize irrigation water. It is
essential to mention that, depending on the location of cropland fields and farming management

practices, the suggested optimal remote sensing sensors in this study might not be practical.

For instance, larger fields might offer challenges to use handheld (proximal) devices to measure
surface reflectance and temperature; spaceborne sensors might not offer high-quality data due to
sensor issues (missing or uncorrected pixel data), cloudiness conditions, and other environmental
factors. Thus, this study recognizes the need for further investigation to improve the data quality
of sub-optimal remote sensing sensors to enable the use of a desirable remote sensing sensor with

the best data accuracy possible for irrigation water management purposes.

Regarding the factors that may compromise the quality of remote sensing data for crop ETa

modeling, atmospheric conditions such as subtle cloud cover and aerosols could significantly af-
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fect the accuracy of the data by scattering and absorbing light before it reaches the spaceborne
sensors (camera). Other issues, such as imagery calibration assumptions being violated by local
field conditions, sensor noise (data uncertainty), and spatio-temporal resolution limitations, also

contribute to data quality degradation throughout the crop growing seasons.

With respect to the use of machine learning regression for a remote sensing calibration ap-
proach, the overall best machine learning regression model for remote sensing applications will
depend on the surface reflectance data characteristics. However, the GPR and Regression Tree
were the algorithms that performed better during the cross-validation assessment due to their flex-
ibility and effectiveness in handling complex nonlinear patterns in data. The GPR has particular
advantages when used for remote sensing data adjustment since it can learn from the training data
and make iterative adjustments for modeling data without a predetermined function or transform-

ing the original data into different variables.

Furthermore, a thorough investigation needs to be done to evaluate the performance of differ-
ent remote sensing of ETa algorithms that are used in large-scale modeling of ETa. When moving
from a farm to a large-scale area (e.g., irrigation districts, watersheds), the spatial scale of a given
remote sensing imagery may contain more than just vegetation and include other surface elements

(mixed pixel scenario).

In that case, more research needs to be done to accommodate modeling strategies that are able
to extract the vegetation features in a given pixel and provide reliable data for modeling ETa with-
out having contaminated pixels hindering prediction accuracy. Nonetheless, our research findings
support the idea that, when estimating daily maize ETa, it is essential to focus on using the best
multispectral data from a variety of remote sensing sensors to ensure more accurate predictions of

ETa that can serve as input for irrigation water management decision-making processes.
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While the study provided insights into model performance, future research directions should
focus on addressing observed underestimations and variations in specific sensors due to their spec-
tral and spatial differences. Since the importance of sensor-specific characteristics is critical to
addressing the quality of data inputs for modeling environmental variables, the use and application
of the calibrated and novel k, model must be interpreted with care, given the nature of the calibra-

tion process and data collection used in this research.

For a more robust validation, more research must be performed regarding other valuable row
crops under different climate zones to evaluate any potential differences in the calibration coef-
ficients. Also, incorporating more RS sensors at a much larger spatial scale might provide the
conditions to use the novel k, model for large-scale modeling (e.g., watershed). Therefore, the
continuous refinement and validation of the £, model using diverse datasets and additional sensors
will further enhance its applicability to different local field conditions and provide the means to

expand the use of this novel k, model for a wide range of environmental applications.

For practical applications regarding the use of the RS calibration protocol in irrigation schedul-
ing, the following strategies could be implemented to ensure the appropriate use of the proposed RS
imagery data quality enhancement: Integrating the proposed calibration protocol with geospatial
software (e.g., ArcGIS, QGIS, Google Earth Engine) that integrates RS data acquisition, prepro-
cessing, calibration, and analysis, users should be able to optimize time and handle a large amount
of RS imagery data. The use of the adjusted calibrated RS data crop ETa products in decision-
making tools for irrigation scheduling that apply the SWB could be the next step towards the
practical use of the calibration RS imagery products. Irrigation schedule tools often provide real-
time irrigation advice to water stakeholders in cropland settings and could use adjusted RS data to

support precision irrigation.
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Appendix A

Calculation of Variables for the OSEB Algorithm

The r,;, term is calculated using Eq. A1 as follows (as in Thom, 1972; Verma, 1989):

(AL)

where 7, is the height of wind speed measurement (m); d is the zero-plane displacement height
(m); Z,, is the roughness length for heat transfer (m); v, is the atmospheric stability correction
function for heat transfer (dimensionless); £ is the Von-Karman constant and set to 0.41 (Dyer and

Hicks, 1970; Dyer, 1974).

The shear or friction velocity (Eq. A2) is calculated as follows (as in Thom, 1972; Verma, 1989):

Uk
Zy—d
ln( 7 ) — U

where u, is the mean shear velocity (m/s), 1, is the atmospheric stability correction function for

(A2)

Uy =

momentum transfer (dimensionless); Z,,, is the roughness length for momentum transfer (m), and

U is the mean horizontal wind speed (m/s).
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The vy, and 1), are equal to zero for quasi-neutral atmospheric conditions. When thermal stratifi-
cation exists, the Monin-Obukhov stability length (Lj;0) is considered to correct the estimations
of momentum and heat transfer (Monin and Obukhov, 1954). For unstable (L;0 < 0) and sta-
ble (Lo > 0) atmospheric conditions, Eqs. A3 and A4 present the models for the atmospheric

stability corrections for heat transfer (Paulson, 1970; Webb et al., 1970; Businger et al., 1971):

1 2 1 2
2><ln( +x1>—2xln( z%) , Lo <0

2
Yy = 7 4 (A3)
—5 X ( Lu ) , otherwise
MO
x1:[1—16x<20>] (Ad)
M

where Lj;o is the Monin-Obukhov stability length (m) and calculated as indicated by Eq. AS
below (Monin and Obukhov, 1954):

uiTapana
gkH

Lyo = (AS5)

where ¢ is the gravitational acceleration (=~ 9.81 m/s?).

For unstable and stable atmospheric conditions, Eq. A6 indicates the models for the atmospheric

stability corrections for momentum transfer (Paulson, 1970; Webb et al., 1970; Businger et al.,

1971):
1 1 2
2><ln( +x1>+ln( +x1>—2xarctan(1’1)+z , Lo <0
B 2 2 2
Ym = 7 4 (A6)
—5 X ( = > , otherwise
Lo
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The roughness elements d, Z,,,, and Z,, are calculated as indicated by Eqs. A7 to A9, respectively

(Choudhury and Monteith, 1988; Brutsaert; 1982):

2, 4+028-h.-vJ ,0<J<0.20
Zom:

O.30-hc-<1—h£> 020<J <2

C

d=h,- [ln(l + JY6) 40.03 - In(1 + Jﬁ)}

Zop, = 0.10 - Z,p

(AT)

(A8)

(A9)

where z, is the roughness length of the soil surface (2, ~ 0.01 m) and .J is equal to 20% of LAI

(m?/m?).

The r,, variable for the crop row orientation north-south or east-west is calculated by Eqs. A10 and

Al1, respectively (Costa-Filho et al., 2021):
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(/1N [90° 8,
_ O< < o
352 rensn
1\ [ 6, — 90°
) (=) 900 < 6, < 180°
(U) (2700—@)’ 907 < 6w < 180
rp = (A1)
1\ [270°— 0
)= v 180° < 6, < 270°
(1) (). s o<
1\ (6. — 270°
_ R 270° < 9., < o
(D) (), o<

where 6, is the wind speed direction in degrees.
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Appendix B

Calculation of Variables for the TSEB Algorithms

The 750i; (s/m) is calculated using Eqs. B1 to B4 (Goudriaan, 1977; Norman et al., 1995; Campbell
and Monteith, 2012):

1
soil — Bl
"ol = 57004 + 0.012 - Uwyr (BD)

0.05
w. he — d
Ucanopy = ? : ln( 7 > (B3)
Aegr = 0.20 - (OF . LA[)2/3 . hi/3 . wc—l/S (B4)

where U,,; is the mean horizontal wind speed at the ground surface (1m/5); Ucanopy 1S the mean
horizontal wind speed at the top of the canopy (m/s); w. is the mean leaf width (for maize, 0.09

m); @, 18 the wind factor (dimensionless).

The r,, term (s/m) is calculated using Eqs. B5 and B6 below (Norman et al., 1995):

/ 1/2
rx:i< = ) (B5)



d+ Zym
Ud—i—Zom - Ucanopy ' eifp{ — Aegt * el‘p(l - +h ):| (B6)

where C” is a weighing coefficient (set to 90 as indicated by Grace, 1981) and U, 7, is the mean

horizontal wind speed at the height equal to d + Z,,,, (m/s).

The r. term is calculated using Eqs. B7 and B8 (Yan et al., 2015):

. LI} ‘/ - 4062, LAT <2
Tc: Tah

(B7)
Tah T*
2.74 x i 1/ = 4+704 LAI>?2
Tah Tah
€s — €4
T« = Pa* Cpa - {—} (B8)
P V(Rn - G)

where 7, is the climatic resistance (s/m).
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Appendix C

Remote Sensing Calibration Protocol Code

The Machine-Learning Multispectral Code to Adjust Remote Sensing Data Using IMAGERY Files

Collorado State University

Civil and Envi tal Engi ing Department
Author: Edson Costa-Filho
Date: 9/12/2022

tic
clear; clese; clc;

a) Menus for choosing the ETa model and remote sensing platform data to be adjusted
% Creating a list box with the remote sensing of ETa models that can be chosen by the user

1list model = {"1) Bausch (1995) Kcr ETa Model®’,'2) Neale et al. (1998) Kcr ETa Model®,...
‘3) Trout and DeJonge (2018) Kcr ETa Model®,'d) Costa=Filho et al. (2821) OSEB ETa Model',...
"5) Norman et al, (1995) TSEB ETa Model (Parallel)','s) Norman et al. (1995) TSEB ETa Model (Series)'};

name_title = 'ML Regression: Surface Reflectance Code';
prompt_©1 = 'Select the preferred Remote Sensing of ETa Model:

[indx_model,tf _model] = listdlg('Mame’,name_title,'ProsptString',prospt @1, 'SelectionMode','single’,...
‘Liststring',list_model, 'ListSize',[356,98]);

% Creating the buttom menu to choose the platform data to be adjusted based on the RS of ETa model selected
msg RS = ‘Select the platform te be adjusted at its original spatial scale (X m):';

Opt_RS_NealeTrout = ["Landsat-8 or Landsat-9 OLIS/TIRS (38 m spatial resolution)”...
“"Harmonized Planet CubeSat Data (3 m spatial resolution)”...
“Handheld Multispectral Radiometer (1 m spatial resolution}” "Unmanned Aerial Vehicle (8.83 m spatial reselution)"];
Opt_RS_CostaFilhe = [“Landsat-8 or Landsat-9 OLIS/TIRS (38 m spatial resolution)" “Sentinel-2 (18 m spatial reselution)"...
"Handheld Multispectral Radiometer (1 m spatial resolution)” "Unmanned Aerial Vehicle (@.93 m spatial resolution)®”];
Opt_RS_BauschMorman = ["Landsat=8 or Landsat=9% OLIS/TIRS (3@ m spatial resolution)” entinel-2 (1@ m spatial resolution)”...
"Harmonized Planet CubeSat (3 m spatial resolution)” "Unmanned Aerial Vehicle (8.83 m spatial resclution)"];

X Selecting the combo RS of ETa model and RS platorm ML regression .mat files to as input to the code
if isempty({indx_model)

disp('The user selected to cancel the script.')
return

end

if indx_medel == 2 || indx_medel ==
cheice RS = menu(msg RS,Opt_RS_NealeTrout);
if choice RS ==

disp('The user selected to cancel the script.')
return

if choice RS == 1
FINPUT = ‘ML_Kch_ETa_Neale_Trout_Delonge lLandsat-8';
fileToReadl = cell2mat{string(FINPUT));
import_matfile(fileToReadl);

elseif choice RS == 2
FINPUT = "ML_Kch_ETa_Neale_Trout_Delonge_CubeSat";
fileToReadl = cell2mat(string(FINPUT)};
import_smatfile(fileToReadl);

elseif choice RS == 3
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FINPUT = 'ML_Kcb_ETa_Neale_Trout_Delonge_MSR';
fileToReadl = cell2mat(string(FINPUT));
impert_satfile(fileTocReadl);

else

FINPUT = 'ML_Kcb_ETa_Neale_Trout_Delonge_UAV';
fileToReadl = cell2mat{string(FINPUT));
import_satfile(fileToReadl);

end

elseif indx_model ==
chedce_RS = menu(msg_RS,0pt_RS_CostaFilho);

if choice RS == @

disp('The user selected to cancel the script
return

end
if choice RS == 1
FINPUT = 'ML_OSEB_CostaFilho_ETa_Landsat-8';
fileToReadl = cell2mat{string(FINPUT));
import_matfile{fileToReadl);
elseif choice_RS ==
FINPUT = 'ML_OSEB_CostaFilho_FTa_Sentinel-2';
fileToReadl = cell2mat(string(FINPUT));
import_matfile{fileToReadl);
elself choice RS ==
FINPUT = 'ML_0SEB_CostaFilho_FTa_MSR';
fileToReadl = cell2mat(string(FINPUT)};
import_matfile({fileToReadl);
else
FINPUT = 'ML_OSEB_CostaFilho ETa_UAV';
FileToReadl = cell2mat(string(FINPUT)};
import_matfile(fileToReadl);

end

else
choice_RS = menu(msg RS,0pt_RS_BauschMorman);

if choice RS ==

disp('The user selected to cancel the script.’)
return

end
if choice RS == 1
FINPUT = 'ML_TSEB_Kch_Sausch_ETa_Landsat-8';
fileToReadl = cell2mat({string(FINPUT});
import_satfile(fileToReadl);
elseif choice RS == 2
FINPUT = 'ML_TSEE_Kcb_S8ausch_ETa_Sentinel=-2"

fileToReadl = cell2mat(string(FINPUT));
impert_matfile(fileToReadl);

-

elseif choice RS == 3
FINPUT = 'ML_TSEB_Kch_B8ausch_ETa_CubeSat®;
fileToReadl = cell2mat{string(FINPUT));
import_satfile(fileToReadl);

else

)
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FINPUT = 'ML_TSEB_Kcb_Bausch_ETa_UAV' ;
fileToReadl = cell2mat{string(FINPUT)}:
impert_matfile(fileToReadl);

end

end

if indx_model »= 2 && indx_model <= 4 && cholce RS == 3
¥ Input Parameters
[num, text, both]=xlsread('M._surface_Reflectance_Input_Data.xlsx');

date = text(3:length{text),1); X Cate in mm/dd/yyyy format
DATE = char(date); % Date in mmfdd/yyyy format

time = num(1:length({num),1); ¥ ON=SITE time as fraction of hour
Timestring = datestr{time); % ON=SITE Time as a name

DOY = num{1:length{num),2}; % Day of the Year

Long = num(l:length{num),3); % Longitude in UTM {m)

Lat = num{1l:length{num),4); ¥ Latitude in UTM {(m)

BLUE_RFL = num{1:length{num}),5}; ¥ Blue Surface Reflectance (=)
GREEN_RFL = num(1:length{num),6); % Green Surface Reflectance (-}
RED_RFL = num(1:length(num),7); % Red Surface Reflectance (=)
NIR_RFL = num(1:length(num),B); % NIR Surface Reflectance (=)

57 = size(BLUE_RFL); % Mumber of rows and columns of a given image
else
& Input Parameters

% Entering the BLUE surface reflectance imagery file
[file_blue,path_blue] = wigetfile({"*.tif";"*.ip2'},...
‘Select the BLUE Surface Reflectance Imagery File');

if isequal{file blue,B)

disp('The user chose to cancel the script.”)

return
else

disp(['The user chose the BLUE SR file ', fullfile(path_blue, file blue)])
end

% Entering the GREEN surface reflectance imagery file
[file_green,path _green] = uvigetfile({ *.tif";'=.jp2'},...
‘Select the GREEN Surface Reflectance Imagery File');

if isequal{file_green,@}

disp(‘The user chose to cancel the script.')

return
else

disp(['The user chose the GREEN SR file °, fullfile(path_green, file green)])
end

% Entering the RED surface reflectance imagery file
[file_red,path_red] = wigetfile({'*.tif';"*.jp2'},...
"Select the RED Surface Reflectance Imagery File');

if isequal{file_red,8)

disp('The user chose to cancel the script.®)

return
else

disp{['The user chose the RED SR file ', fullfile(path_red, file_red}])
end

% Entering the NIR surface reflectance imagery file
[file nir,path_nir] = wigetfile({'*.tif';"*.jp2'},...
*Select the NIR Surface Reflectance Imagery File');

if isequal{file nir,e)

disp('The user chose to cancel the seript.”)

return
else

disp{['The user chose the NIR SR file ', fullfile(path_nir, file_nir}])
end

% Reading the imagery file in MATLAB to retrieve geotiff data
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[fileinput,Refmat,bbox] = geotiffread(file blue);

Long UTM = [bbox{1,1) bbox(2,1)]; % Longitude in UTHM
Lat_UTM = [bbox(1,2) bbox(2,2}]; & Latitude in UTM

% Converting imagery UTM coordinates to decimal degrees from geotlff data [DATUM WGS84)

a_axis = 6378137; X Semi major axis

b_a¥is = 6356752.31424518; % Semi minor axis

ect = sqrt{a_axis~2-b_axis~2)/fa_axis; % Eccentricity

ecc_2 = sqrt{a_axis~2-b axis*2)/b _axis; ¥ Second eccentriclty
ect_sq = ecc_2*2; X The second eccentricity to the power of 2
c_radius = a_axis*2/b_axis; ¥ Polar radius of curvature

prompt = {'1. Type the UTM Zone Number from the Imagery (e.g., 1 to 6@):',...
Ve

Z. Type the Glaobal Hemlsphere (N or S) where the Imagery area is Located (N = North, 5 = South):'

i
dlgtitle = 'Geodata from the Imagery File';
answer = inputdlg(proapt,dlgtitle,[1 186]);
input_data = stridouble(answer);
if isempty{input_data)
disp{'The user chose to cancel the script.')
Feturn
end
fid 675 = answer{2,1); ¥ Output File Kame as a cell array format
filename GPS = celilmat(string(Fid oP5)); ¥ Output File Name as a STRING format

Zone_img = input_data(l,1); % UTM zone of the Image
Hemis_img = filename GPS; % Hemisphere of the image

if Hemis_img == '5°
Lat_UTM = Lat_UTHM-1eB88088;
end

Mer Central = 6.*Zone_img-183;

Fio = Lat_UTM./(6366197.724%8.9996) ;

A1 = sin{2.*Fi_o);

A2 = Al.*(cos(Fi 0))."2;

J2 = Fi_o+ A1,/2;

14 = (3.4124A2)./4;

16 = (5.*24482,*(cos(Fi_o}).,2)./3;

Alfa ftc = 8.75.%ecc_sq;

Beta fto = (5/3).%(Alfa ftc)."2;

Gamma_ftc = (35/27).*(Alfa_ftc). 3;

B fi = 8.9956.%c_radius.*(Fi_o-(Alfa_ftc.*12)+(Beta_ftc.*I4)-(Gamma_ftc.*16)};
Ni o = {c_radius./{l+ecc sq.*{cos(Fi_o)).”2).”@.58).%@.9995;
Aa = (Long_UTM-Soease) . /Ni_o;

Bb = (Lat_UTM-B_fi)./Ni_o;

Zeta flc = ((ecc_sq.*Aa."2)./2).*(cos(Fl o}).*2;

Xi_img « Aa.*{1-Zeta_ftc./3);

Senh Xi = (exp(Xi img)-exp(-Xi img))./Z;

ETA_ftc = Bb.*(1-Zeta_ftc)+Fi_o;

Pelta_lambda = atan({Senh_Xi./cos{ETA_ftc});

Tau = atan{cos(Delta_lambda).=tan(ETA_ftc));

Firad = Fi_o + (l+ecc_sq.*(cos(Fi_o0}}.*2-(3/2).%ecc_sq.*sin{Fi_o}.*cos(Fi.o).*{Tau-Fi_o)).*(Tau-Fi_o};

Lat_Decimal = (Fi_rad./pi()).*188; ¥ tatitude converted from UTM (m} to decimal degrees
Long Decimal = (Delta_lambda./pi()}.*18@+Mer_Central; ¥ Latitude copverted from UTM (m) to decimal degrees

% Importing the surface reflectance data as a matrix input (Single Format)
BLUE_RFL = double(fmread(file blue}); % Blue Surface Reflectance (-}
GREEN_RFL = double{imread({file_green)}; X Green Surface Aeflectance (=)
RED_RFL = double{imread(file red)); % Red Surface Heflectance (=}

NIR_RFL = double{imread(file nir)); % NIR Surface Reflectance (=)

52 = size(BLUE RFL); % Number of rows and columns of a given image

% Creating the georaster summary file to generate imagery

Ref = georasterref('RasterSize’,SZ,...
‘Latitudelimits", [Lat Decimal(1,1),Lat Decimal(1,2}],...
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"Longitudelimlts®, [Long Decimal{l,1),Long Decimal(1,2}],...
"RasterInterpretation’, "cells',...
'columnsStartFrom’, "narth',...
"RowsstartFrom®, 'west');
% Creating a list box with the variable sutputs thal ¢an be chosen by Lthe usar to treate GesTifFF maps
1ist model = {'1) Adjusted Surface #eflectance’,"2)} Soil and Canopy Surface Reflectance (No Adjustment)’,...
'3) Sell and Canocpy Surface Reflectance (Adjusted)’','d) Vegetation Indices {Original Data)’,...

'5) Vegetation Indices {(Adjusted Data)',"s} Light Attenuatlon Parameters (kp and kv)'};

name_title = 'Output Selection';
prompt_81 = 'Select the desired GeoTiFF maps to be exported:”;

[indx_md]_out,tf mdl_cut] = listdlg( Name’,name_title, Promprstring’,prompt_61,...
‘Liststring’,list model, ‘ListSize’,[358,90]1);

if isempty{indx_mdl_out}

disp(‘The user selected to cancel the seript.®)
return

end

b) Decomposing Surface Reflectance into soil (SRs) and canopy (SRc) components
% Writing the Initial NeDato value assigned te the multispectral data
NoData Value = -5399;
for i = 1:82(1,1)

for § = 1:52{1,2)
if abs{BLUE RFL{i,§)) == @
BLUE_RFL{1,]) = NoData_Value;
end
if abs(GREEM_RFL{i,§)) == @
GREEN_AFL{1,) = Nodata Value;
end
if abs(RED AFL(,7)) ==
RED_RFL(L,§) = NoData Value;
end
i abs(NIR_RFL{L, 1)) == @
NIR RFL(i,j) = NoData Value;
end

end

L = 8.58; X SAVI adjustment factar

N = 10088; % Maximum number of iterations

fc. min = @8; % Minlnum value of fractlonal vegetation cover
fc_max = B.85; ¥ Maxismum walue of fractional vegetation cower

a_kp = 8.7848; X Slope of kp
b_kp = -8.8465; X Intercept of kp
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d_NDVI_min = ©.2492; % d{NDVI)/df_c Min
d_NDVI_max = ©.3B68; % d(NDVI)/df_c Max

d_BLUE_min
d_BLUE_max

-9.8485; % d(BLUE)/df_c Min
-8.1241; % d{BLUE)/df_c Max

d_GREEN_min = —8.B678; ¥ d(GREEN)/df_c Min
d_GREEN_max = —B.1478; % d(GREEN)/df_c Max

d_RED _min = -8.6983; ¥ d(RED)/df_c Min
d_RED max = -8.1373; ¥ d(RED)/df

d_MIR min = @.B359; % d(MIR)/df_c Min
d_NIR max = @.1813; % d(NIR)/df_c Max

% variable pre=allocation

NIVI = zeros(SZ(1,1),5Z(1,2));

NVI adj = zeros(52{1,1),52{1,2});

SAVI = zeros(SZ(1,1),5Z(1,2));
SAVI_adj = zeros(SZ(1,1),5Z(1,2));
OSAVI = zeros(5Z(1,1),5Z(1,2));
0SAVI_adj = reros(5Z(1,1),52(1,2));
fc_norman = zeros{SZ(1,1),52(1,2));
fc_norman_adj = zeros(5Z(1,1),52{1,2));
LAL = zeros(52(1,1),52(1,2));

LAT_adj = zeros(S5Z{1,1),5Z(1,2));
LAT_L = zeros(SZ(1,1),SZ(1,2));
LAT_L_adj = zeros(5Z(1,1),5Z(1,2));
fs_kustas = zeros(SZ(1,1),52(1,2));
fs_kustas_adj = zeros(SZ(1,1),52{1,2)});
CF = zeros(5Z(1,1),52(1,2));

CF_adj = zeros(SZ(1,1),52(1,2));
fe_kustas_updated = zeros(SZ(1,1),5Z(1,2}));
fe_kustas_updated adj = zeros(52{1,1),5Z(1,2)});
fc = zeros(SZ(1,1),52(1,2));

fc_adj = zeros(5Z(1,1),52(1,2));
SRc_BLUE = BLUE_RFL.*208;

SRc_GREEN = GREEM_RFL.*2@@;

SRc_RED = RED RFL.*288;

SRc_MNIR = NIR RFL.®208;

SRs_BLUE = zeres(SZ{(1,1),5Z(1,2));
SRs_GREEN = zeros(5Z(1,1),5Z(1,2));
SRs_RED = zeros(5Z(1,1),5Z(1,2));
SRs_MIR = zeros(S5Z(1,1),5Z(1,2)};
d_RED = zeros{52(1,1},52(1,2));
C_GREEN = zeros(5Z(1,1),5Z(1,2));
d_BLUE = zeres(5Z(1,1),5Z(1,2));

d_NIR = zeros(SZ(1,1),5Z(1,2));

¢_NDVI = zeros(SZ({1,1),5Z(1,2));

NDVIs = zeros(5Z(1,1),5Z(1,2));

NDVIc = zeros(5Z(1,1),52(1,2));

kv = zeros(5Z(1,1),52(1,2));

kp = zeros{5Z(1,1),5Z(1.2));
error_BLUE = ones{5Z(1,1),52(1,2));
error_GREEN = ones(SZ(1,1),5Z(1,2));
error_RED = ones(SZ(1,1),52{1,2));
error_KNIR = ones(SZ{1,1),5Z(1,2));

LHS = zeros(52(1,1),52(1,2));

SR_BLUE = zeros(5Z(1,1),5Z(1,2));
SR_GREEN = zeros(5Z(1,1),5Z{1,2));
SR_RED = zeros(SZ{1,1),52(1,2});

SR_NIR = zeros(5Z(1,1),52(1,2));

eta BLUE = zeros(SZ{1,1),5Z(1,2));

eta GREEN = zeros(5Z(1,1),5Z(1,2));
eta RED = zeros(SZ(1,1),57(1,2));

eta MIR = zeros(SZ(1,1),5Z(1,2));

yFit BLUE_SRc = zeros(SZ(1,1),52{1,2));
yfit BLUE_SRs = zeros(SZ(1,1),52(1,2)};
yfit GREEN_SRc = zeros(5Z(1,1),52(1.2)):
yfit GREEN_SRs = zercs{SZ(1,1},5Z(1,2});
yfit RED _SRc = zeros(SZ(1,1),5Z(1,2));
yFit RED_SRs = zeros(5Z(1,1),52(1,2));
yfit NIR_SRc = zeros(SZ(1,1),52(1,2));
yfit_NIR SRs = zeros(SZ(1,1),52(1,2));
yfit eta BLUE = zeros(5Z(1,1),5Z{1,2)};
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yfit_eta_GREEN = zeros(S5Z(1,1),5Z(1,2});
yfit eta RED = zeros(5Z(1,1),5Z(1,2));
yfit eta NIR = zeros(5Z(1,1),5Z(1,2));
SR_BLUE_adj = zeros(52(1,1),52(1,2));
SR_GREEN_adj = zeras(SZ(1,1),52(1,2));
SR_RED_adj = zeros({SZ(1,1),52(1,2));
SR_NIR_adj = zeros(SZ(1,1),5Z(1,2));

for i = 1:5Z(1,1)
for 1 = 1:52(1,2)
if BLUE_RFL(i,j) == NoData_Value

NDVI(i,7) NoData_Value;
SAVI(i,J) = NoData_value;
05AVI(1,1) = NoData_value;
fe_norman(f,j) = NoData_Value;
LAI{i,j) = MoData Value;

LAL L{i,j} = NoData_Value;
fs_kustas(i,j) = NoData_Value;
CF{1,]) = MoData Value;
fe_kustas_updated(i, ) = NeData Value;
fefi,§) = NoData Value;
SRs_BLUE(i,j) = MNoData_value;
SRe_BLUE(1,j) = Mobata_Value;
SRS_GREEN(i,j) = NoData_Value;
SRc_GREEN(L,]) = NoData_Value;
SRs_RED(i,j) = NoData_Value;
SRe_RED(i,§) = WoData_Value;
SHs_NIR(i,j) = NoData_Value;
SRe_NIR(i,3) = NoData_Value;
d_RED(1,1) = Nobata_value;
d_GREEN(i,) = NoData_Value;
d_BLUE(i,j) = NoData_value;
d_MWIR{i,q) = HoData_Value;
d_NOWI(i,j) = MoData_walue;
NDWIs(i,j) = NoData_Value;
NOVIc(i, j) = Nobata_value;
kv{i,]) = NoData Value;
kp{i,j) = NoData Value;
error_BLUE(i,j) = NoData_value;
error_GREEN(i,j) = NoData_Value;
error_RED(1,]) = NoData_Value;
error_NIR(i,j) = NoData_Value;
eta_BLUE(i,j) = MoData Value;
eta GREEN(i,j) = NoData_Value;
eta RED(i,{) = NoData_Value;
eta_NIR(1,j) = NoData_Value;
SR_BLUE(i,) = NoData_Value;
SR_GREEN({i,j) = MNoData_Value;
SR_RED(i,j) = NoData_Value;
SR_NIR{i,j) = NoData Value;

else

NODVI(i,3) = (NIR_RFL(i,3) - RED_RFL(i,§)) / (NIR_RFL(i,i) + RED_RFL(1,1));
SAVI(i,j) = ((NIR_RFL(i,3) - RED_RFL(i,3)) / (MIR_RFL(i,3j) + RED_RFL(i,j) + L)) * (1 + L);

% Rondeaux et al. (1996)
05AVI{i,4) = ((NIR_RFL(i,j) - RED_RFL(L,3)) /...
(NIR_RFL{i,) + RED RFL(%,j) + @.16))*1.16;

% LAI (Chavez et al., 2849)

LAI(1,7) = 8.263 * exp(3.813 * 0SAVI(1,1));

% Calculation of fractional vegetation cover
% Norman et al. (1995)
fe_norman(i,j) = l-exp(-8.5*LAT(1,3));

% Local LAT calculation (Kustas and Morman, 288@)
LAI_L(i,§) = LAI{i,j)/Fc_norman(i,j);

% Fractional seil cover (Kustas and Norman, 2868)
fs_kustas(i,j) = fe_norman(i,j)*exp(-8.5*LAT_L(i,1))...
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+{1-Fc_norman{i, 1))

% Clumping factor (Kustas and Normasm, 29@8)

CF(1,3) = -log(fs_kustas(i,3))/(B.5*LAL(i,]));

% Updated fractional vegetation cover {including clumping
* factor)

% Kustass and Norman (2088)

fo_kustas updated(i,j) = L-exp{-8.5%CF{i,§)"LAI({i,j});

fe(i,3) = fc_kustas_updated(i,i);

% Calculating the first derivative of SR and NDVI data as Ffunction of fractional vegetation cover (f_c)

d_NDVI(i,9) = dNDVI_mdn - {((Fc_min = fc{i,9))/(Femin - fo_max))...
*{d_NDVI_min - d_NDVI_max});

d RED(1,9) = d_RED min - (({Fc_min - fe(i,1))/(Fe min - Fc_max))...
*{d_RED min - o RED max));

d_GREEN(i,4) = d GREEN min - ({(fc_min — fe(d,9))/(f_min - fc_max))...
*(d_GREEN_min - d_GREEN_max));

d NIR{i,}) = d_MIR min - (({fc_min - Fc(i,J))/(Fc_min - #c_max))...
*(d_NIR_min - d_NIR_max));

d BLUE(L,9) = 4 BLUE min - (((Fe_min - fe{i,§))/(Fe_min — Fe_max))...
*{d BLUE min - d BLUE max)};

% Calculating the NDVI values for soil (NDVIs) and cancpy (NDVIc)

WOVIs{i,3) = NDVI(i,3) - 2*Fc(d,§) = d NOVI(L.9):
NOVIe{i,3) = NDVI(i,3) + 2*(sqre(fe(i,§)) - fe(i,5)} * d WOVE(d,5);

% Calculating the equivalent light extinction (k_v) and the light attemuation parameter (k_p)

kv(1,1) = ~(3/LAT(L, 1) ) *Log( (MVI(1, 1) ~ NOVIc(L,]))/(NOVIS(L,3) - NOVTc(L,1)));
kp(i,3) = a kp * kv{i,§) + b kp;

% Iterating to update SRc and SRs until errors regarding iterated SR are less than 8.1%
while error_BLUE{i,j) » @.881

SRs_BLUE(i,j) = SRc_BLUE(i,§) - d BLUE(i,j);

eta BLUE(i.3) = (SRc_BLUE(i,1)-5Rs_BLUE(i, 1))/ (5Rs_BLUE(d,3)-(1/5Rc_BLUE(i,7)))3

SR_BLUE(4,§) = (SRc BLUE(L,§)+({eta BLUECL, ) *exp(-2kp(L, $)*LAT(L, 90010/ ..
{SRe_BLUE(, §}))/(1eeta BLUE(I, §)"exp(-2*kp(1, J) *LAT(L,3)));

error_BLUE(1,3) = abs{{BLUE_AFL(i,3) - SR_BLUE(i,3))/BLUE_RFL{1,3});

if error BLUE{1,]) » @
SRe_BLUE(i,1) = SRC_BLUE(E,§) - fc(i,])%error BLUE{i,{) /2"BLUE_RFL{i,1);
else

SRe_BLUE(L,1) = SRc_BLUE(L,§) + fe(i,j)*error BLUE{,])/2*BLUE RFL(1,);

end
if SRc_BLUE(1,7) < @ || SRc_BLUE(i,j) == -inf
SRe_BLUE(L,]) = NaN;

end

while errer GREEN(L,]) » @.881
SRs_GREEM(L,j) = SRc_GREEN(i,§) - d_GREEN{i,d);

eta GREEN(i,7) = (SRc_GREEN(1,7)-SRs GREEN{1,7})/(SRs GREEN(1,7)-(1/SRc_GREEN{1,1)));
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SR_GREEN(1,1) = (SRE_GREEN(i,)+(eta_GREEN(1, ) *exp(-2*kp (i, 1)*LAT(1,1)1)/..
(SRe_GREEN(1,))}/ (1+eta GREEN(L,])*exp(-2*kp{i,J}*LAI(1,1))};

error GREEN(1,j) = abs((GREEN_RFL{i,j)} — SR_GREEN(L,]))/GREEN_RFL(L,1));

if error_GREEN(1,j) > @
SRc_GREEN(i,j) = SRc_GREEN(i,j) - fei{i,j)*error_GREEN(i,j)/2*GREEN_RFL{i,]);
else

SRe_GREEN(1,j) = SRe_GREEN(i,j) + fe(i,j)*error GREEN{i,])/2*GREEN_RFL{i,3);

end
if SRc_GREEN(L,3) < @ || SRc_GREEN(i,i) == -inf
SRe_GREEN(i,3) = NaN;
end
while error_RED(i,i) > @.881
shs_RED(1,]) = sRe_Rep{i, i} - d_Repi,{);
eta RED(4,§) = (SRc_RED(i,j)-SRs_RED{1,3j))/(SRs_RED(Li,§)-(1/SRc_RED(1,3)));

SR_RED(i,9) = (SRc_RED(i,3)+(eta_RED(i,i)*exp(-2*kp(i, )*LAL(i,5)))/. ..
(SRe_RED(i, J)3)/(1+eta RED(L, J)*exp(-2%kp (1, J)*LAT(1,1)0);

error_RED(i,j) = abs((RED_RFL(i,j) - SR_RED(i,j))/RED_RFL(i,7));

if error_RED(i,j) » @
SRc_RED(4,9) = SRc_RED(i,1) - fc(i,§)*error_RED(i,])/Z*RED_AFL(L,3);
else

SRe_RED(i,3) = SRc_RER(i,{) + fc(i,j)*error_RED(i,])/2*RED_RFL{i,i);

end
if SRe_RED(i,j) < @ || SRe_RED{i,j) == -inf
SRC_RED(i,§) = MaN;

end

while error_NIR({i,j) > 8.e81
SRs_NIR(i,]) = SRe_NIR{i,3} - d_NIR(i,1);
eta_NIR(i,3) = (SRe_NIR(L,J)-SRs_MIR(1,3))/(SRs_NIR(L,J)- (1/SRe_NIR(L,13));

SR_MIR(i,J) = (SRc_MIR(i,)+(eta_NIR(i,j)*exp(-2*kp(L,3)*LAL(i,§)})/...
(SRc_NIR(i,)})/(1+eta NIR(L, i) *exp(-2*kp(i,I)*LAL(i,7)));

error_NIR(L,j) = abs{(MIR_RFL(i,§) - SR_NIR(i,j))/NIR_RFL(L,3)};

if error_MNIR(i,i) » 8
SRe_NIR(i,j) = SRc_NIR({i,i) - fc(i,j)*error_NIR(i,J)/2*NIR_RFL(i,]);
else

SRc_NIR(L,7) = SRc_NIR(1.1) + fc(i,j)*error_NIR{1i,1)/Z*NIR_RFL(1,7);
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end

end
if SRe_NIR(i,j) < @ || SRe_MIR(i,j} == -inf
SRe_NIR{i,j) = NaN;
end
end
end

end

SRe_BLUE = fillmissing(SRec_BLUE, "pchip');
SRs_BLUE = fillsissing(SRs_BLUE, 'pchip');
SRc_GREEN = fillmissing(SRc_GREEN,'pchip®)
SRs_GREEN = fillmissing(SRs_GREEN,'pchip’)
SRe_RED = Fillmissing(SRc_RED, 'pchip');
SRs_RED = fillmissing(SRs_RED, 'pchip'};
SRe_NIR = fillmissing(SRe_NIR, ‘pchip');
SRs_NIR = Tillmissing(SRs_NIR, 'pchip');

i
H

c) Applying the machine-learning regression to adjust the SRc and SRs data
% To make predictions on a new predictor column matrix, X, use:
% yfit = c.predictFen(X) replacing "¢ with the name of the variable that is this struct, e.g. 'trainedModel”.
% X must contain exactly 1 columns because this model was trained using 1 predicters
% X must contain only predictor columns in exactly the same order and format as your training data.
% Do mot include the respense column or any columns you did not import imto the app.
% For more information, see <a href="matlab:helpview(fullfile(docroot, 'stats’, "stats.map”),...
% ... "appregression_exportmodeltoworkspace")">How to predict using an exported model</a>.
for i = 1:87(1,1)
for j = 1:52(1,2)
if BLUE_RFL{i,j} == NoData_Value

yfit BLUE_SRc(i,j) = MoData_Value;

wfit BLUE_SRs(i,j) = MeOata Walue;

yfit GREEN SRc(i,j) = NoData_value;

yfit_GREEN_SRs(i,]) = NoData_value;

yFit_RED SRefi,j) = MoData_Value;

yfit RED SAs{i,j) = MoDlata_Value;

yFit NIR_SRc{i,j) = Mobata Value;

yFit_NIR_SAs{i,]) = Nobata_value;

else
yfit BLUE_SRc(i,j) = trained¥odel SRc BLUE.predictFcn(SRc_BLUE(1,7));
if yfit_BLUE_SRe(i,i) < @

yFit_BLUE_SRc(i,{) = Na;
end

yfit BLUE_SRs(i,]) = trainedModel_SRs BLUE,.predictFcn(SRs_BLUE(i,1));
if yfit_BLUE_SRs(i,i) < @

yFit_BLUE_SRs(i,1) = NaN;
end

yfit GREEM SRec(i,§) = trainedModel SRe GREEM.predictFen(SRe_GREEN(i,j));
if yFit_GREEN_SRc(i,i) < @

yFfit_GREEN_SRec(i,j} = MaN;
end
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yFit GREEN SRs{i, ) = trainedModel SRs GREEN.predictFen(SRs_GREEN(1,3));
1 yFit_GREEN_SRs(f,{) < @

yFIT_GREEN SRs(i,7) = NaN;
end

yfit RED_SRc{i, i) = trainedModel SRc RED.predictFen{SRc_RED(i,1));
if yfit RED_SRc(i,j) < @

yFIT_RED_SRc(d, ]} = NaN;
end

yFit_RED_SAs(i,i) = trainedModel SRs_RED.predictFen({SRs_RED(i,{));
if yFit_RED_SRs(i,j) < @

yFit_RED SRs(i,3) = Ma¥;
end

yFit_NIR_Shc(i,j) = trainedModel SRc_NIR,predictFen({SRe _NIR({i.7));
if yFit_NIA_SRc(i,j) ¢« @

yFIT_NIR_SRc(i,j) = Nan;
end

yfit NIR_SRs(l,]) = trainedModel SRs MIR.predlctFen{SRs NIR(1,])};

iF yFit NIR SRs({i,i) < @

yFELT_NIR_SRs(i,7) = Naw;

end

yFit BLUE SRc = fillmissing(yFfit BLUE_SRc,'pchip');
yfit BLUE_SRs = flllmissing(yfit BLUE_SRs,'pch i
yfit GREEN_SRc = fillmissing(yfil GREEN_SRc, 'pchip');
yFfit GREEN SRs = #illmissing(yFit GREEN SRs, 'pchip');
yfit RED_SRc = Fillmissing(yfit RED_SRc, ‘pchip’);
yFit RED SRs = Fillmissing(yfit RED_SRs, 'pchip’);
yFit NTR 5Rc = Fillmissing(yfit NIR_SRc, ‘pchip’};
yfit NIR_SRs « Fillmissing{yfit NIR_SRs, 'pchip’);

d) Applying the pixel decomposition model in reverse to obtain adjusted SR data for each RGE and NIR bands

for 1 = 1:32{1,1)
for § » 1:S2(1,2)
iF BLUE_RFL{%,{) == NabData Value

yFit_eta_BLUE(1,]) = NoData Value;
yFit eta GREEN(L,§) = NoData_Value;
yfit eta RED(i,j) = MoData Value;
yFfit_eta NIR{i,j) = MoData Value;
SR_BLUE adj(i,j) = NobData_Value;
SR_GREEN_adj(i,]) = NaData Value;
SR_RED_adi{d,§) = NoData Value;
SR_NTR_adj(i, j) = MoData Value;

else

yFit_eta BLUE(1,]) = (yfit_BLUE_SRc(i,])-yFit_BLUE_SRs{1,]))/(yFit_BLUE_SRs (1, )-(1/yFit_BLUE_SRc(i,1)));
yFit eta GAEEN(L, 1) = (y¥it GREEM_SAc{i,j)-yFit_GREEN_SRs(i,j))/(yFfit GREEN SRs{i,)-{1/yfit_GREEN_SRc{i,i)));
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yFit_eta RED(1,i)
yFit_eta_NIR(i,7)

(yFit_RED_SRe(i,§)-yFit_RED_SRs(i,§))/(yFit_RED_SRs{i,i)-(1/yFit_RED Ske(i,i)));
(yFit_NIR_SRc(i,d)-yFit_NIR_SRs(i,3))/(yFit_NIR_SRs(i,i)-(1/yFit_NIR_SRc(i,i)});

SR_BLUE_adj(i,§) = (yFit_BLUE_SRc(i, )+(yFit_eta BLUE(i,j)*exp{-2*kp(i, j)*LAT(L, 3000/ ..
(yFit_BLUE SAc(i,1)))/(1syFit_eta_BLUE(L, ) *exp(-2%kp(1,9)"LAI(1,9)00;

SR_GREEN_adj{i,3) = (yfit_GREEN_SRc(i,j)+(yfit_eta_GREEN(i,])*exp(-2*kp(i,i)=LAT(i,3))}/...
{wfit_GREEN_SRc(i, 1))}/ {1+yfit_eta_GREEN(1, )}*exp(-2*kp(i,)*LAT(1,1)});

SR_RED_adj(1,3) = (yFit_RED SRc(i,f)+(yFit_eta_RED(i, )*exp(-2*kp(i, )*LAT(1,)))/ ..
(yFit_RED SRc(4,§)))/(1+yfit_eta RED(1i,i)"exp(-2*kp(i, )*LAL(,9)));

SR_NIR_adj(1,3) = (yFit_NIR_SRc(i,])+(yFit_eta NIR(1, ) *exp(-2%kp(1.1)*LAT(1,3)))/...
(yFit_NIR_SRe(d,3)))/ (1+yfit_eta NIR(i,j)*exp(-2%kp(i,3)*LATI(1,5)));

end

) Callculating the vegetation indices using the adjusted SR data
for 1 = 1:82(1,1)
for j = 1:52(1,2)
if BLUE_RFL(i,j) == MoData Value

NOWI_adi({i,j) = MoData_Value;
SAVI_adi{i,7) = MeData_Value;
0sAVI_adi(i,]) = NoData_value;
fe_porman_adj{i,j) - NeData_Value;
LAI_adj{i,j) = Nobata Walue;

LAI_L adj(i,j) = NoData_Value;
fs_kustas_adj(i.j)} = NobData_value;
CF_adj(i,j) = MoData_Value;
fe_kustas_updated_adj{i,j) = NoData_value;
fe_adj(i,j) = MoData_Value;

else

NDVI_adj(i,9) = (SR_NIR_adj(i,3) -SR_RED_adj(i,5)) / (SR_NIR_adj{i,3) + SR_RED adi(i,3));
SAVI_adj(i,) = ((SR_NIR_adj(i,j) - SR_RED_adj(i,3)) / (SR_NIR_adj(i,j) + SR_RED adj(i,j) + L)) * (1 + L);

% Rondeaux et al. (19958}
0savI_adi(i,3) = ((SR_NIR adj(i,i) - SR_RED_adj(i,1)) /...
(SR_NIR_adj(i,]) + SR_RED_adj(i,j) + ©.16))*1.16;

% LAI (Chavez et al., 28€9)
LA _adj(i,j) = ©.263 * exp(3.813 * 0SAVI adj(i,j));

% Calculation of fractienal vegetation cover
% Morman et al. {1995)
fe_norman_adj(i,j) = 1-exp(-8.5*LAI_adj(i,j));

% Local LAI calculation (Kustas and Norman, 2880)

LAT_L adj(i,j) = LAI adj({i,j)/fc_norman_adj(i,]);

% Fractional seil cover (Kustas and Norman, 2889)

F5_kustas_adj(i,j) = fc_norman_adj(i,j)*exp(-@.5*LAT_L_adj{i,j})...
+{1-Fc_norman_adji{i,j));:

% Clumping facter (Kustas and Normas, 2088)
CF_adj(i,j) = —log(fs_kustas adj(i,j))/(@.5*LAI_adj(i,3));

& Updated fractiomal wegetation cover (including clumping
* factor)
% Kustas and Norman (2088)
Fe_kustas_updated adj(i,§) = l-exp(-8.5*CF_adj(i,§)*LAT_adj(i,i));

Ffc_adj(i,j) = fc_kustas_updated adj(i,j);
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end
end

end

f) Exporting the adjusted results as .tiff file maps or .csv files

if indx_model »= 2 && indx_model <= 4 && cholce RS == 3
% Naming the columns in the .csv file

colNames_SRc_SRs = {'Date",'Time','DOY',"Longitude', Latitude’, "SRe_BLUE", 'SRec_BLUE_adj", 'SRs_BLUE",...
'SRs_BLUE_ad{", 'SRc_GREEN", 'SRc_GREEN_adj',...
*SRs_GREEN', 'SRs_GREEN_adi’, 'SRc_RED',...
'SRe_RED_adj', 'SRs_RED','SRs_RED_adi',...
"SRc_NIR", 'SRc_MNIR_adj®,'SRs_NIR', 'SRs_NIR_adj'};

colNames_SR = {'Date’, 'Time', 'DOY', "Longitude’, 'Latitude’, 'BLUE_SR', BLUE_SR_adj',...
‘GREEN_SR', ' GREEN_SR_ad{ ', "RED_SR", 'RED_SR_ad]', 'NIR_SR', "NIR_SR_adi'};

colNames_VI_kv_kp = {'Date’,'Time',"DOY', 'Longitude’, ' Latitude", 'NDVI', "MDVIc®, "NDWIs', "0SAVI®, 'SANI'," f_c', "LAT,...
‘k_v', 'k p'h
% Concatenating the table with the results
Export_SRc_SRs_tbl = table(DATE,TimeString,D0Y,Long,Lat,SRc_BLUE,yfit BLUE SRc,SRs_BLUE,yfit BLUE_SRs,...
SRe_GREEN, yFit_GREEN_SRc,5Rs_GREEN,yFit_GREEN_SRs,...
SRe_RED,yfit_RED_SRc,SRs_RED,yFit_RED SRs,...
SRe_NIR,yfit_NIR_SRc,SRs_NIR,yfit_NIR SRs, 'VariableMames',colNames_SRe SRs);

Export_SA_tbl = table(DATE,TiseString,DOY,Long,Llat,BLUE_RFL,SR_BLUE_adj,GREEN_RFL,SR_GREEN_adi,...
RED_RFL,SR_RED adj,NIR_RFL,SR_NIR_adj,"variableNames",colNames_SR);

Export_VI_tbl = table(DATE, TimeString,DOY,Long, Lat,NDVI,NDVIc,NOVIs,0SAVI, .. .
SAVI, fc,LAI, kv, kp, 'VariableNames® , colNames_VI_kv_kp);

% Writing the table as .csv file

writetable(Export_SRc_SRs_tbl, 'SRc_SRs_Adjusted_Results.csv', 'Delimiter®,",');

writetable{Export SR_tbl,"SR_Adjusted Results.csv','Delimiter',',");

writetable(Export_VI_tbl,"VI_kv_ko_Results.csv’,'Delimiter’,”,");

else

% Adjusted surface reflectance imagery (Adjusted SR)

filenamel = "SR_BLUE_adjusted’;

filename2 = "SR_GREEN_adjusted';

filename3 = "SR_RED_adjusted";

filenamed = "SR_MIR_adjusted';

SR_BLUE_adj(SR_BLUE_adj==NoData_Value} = NaN;

SR_GREEN_adj(5R_GREEN_adi==NoData_Value) = NaN;

SR_RED_adj(SR_RED_adj==NoData_Value) = NaN;

SR_NIR_adj(SR_NIR_adj=-NoData_Value) = NaN;

if any(ismember(indx_mdl_out,1})

geotiffwrite(filenamel,SR_BLUE adj,Ref);

geotiffurite(filename2, SR_GREEN_acj,Ref);

geotiffwrite(filename3,SR_RED adj,Ref);

geotiffurite(filenamed , SA_NIR_ad{,Ref);

end

% Decomposed soil and canopy surface reflectance {(SRs and SRc)

filename5 = "SRc_BLUE_no_adjustment®;

268



filenames = "SRc_GREEN no_adjustment’;
filename? = "SRc_RED_no_adjustment’;
filenameg = "SRc_NIR_no_adjustment';

SRe_BLUE(SRc_BLUE==NoData Value) = Nak;
SRe_GREEN(SRe_GREEN==NoData_Value) = NaN;
SRc_RED(SRc_RED==MoData_Walue) = NaM;
SRe_NIR(SRc_NIR==NoData_walue) = Nai;

filenames = "SRs_BLUE_no_adjustment’;
filenamel® = 'SRs_GREEN_no_adjustment’;
filenamell = 'SRs_RED_no_adjustment';
filenamel2 = 'SRs_NIR_no_adjustment';

SRs_BLUE(SRs_BLUE==NoData Walue) = NaN;
SRs_GREEN{SRs_GREEM==NoData_Value) = NaN;
SRs_RED(SRs_RED==MoData_Value) = Na;
SRs_MNIR(SRs_NIR==NoData_Walue) = NaM;

if any(ismember(indx_nadl_out,2))

geotiffwrite(filenames,SRe_BLUE,Ref);
pectiffwrite(filenameé, SRc_GREEN,Ref);
geotiffwrite(filename?,SRc_RED, Ref);
peotiffurite(filenanes, SRe_NIR, Ref);

peotiffwrite(filenamed,SRs_BLUE,Ref);
peotiffwrite{filenamel®,SRs_GREEN,Ref);
geotiffwrite(filenamell,SRs_RED,Aef);
geotiffwrite(filenamel, SRs_NIR,Ref);

end

% Adjusted soil and camopy surface reflectance (adjusted SRs and

filenamel3 = "SRe_BLUFE adjusted';
filenamel4 = 'SRec_GREEN_adjusted';
filenamel5 = 'SRc_RED_adjusted’;
filenamels = "SRc_NIR_adjusted’;

yFit BLUE SRc(yflt_BLUE_SRc==NoData_Value) = NaN;
yFit_GREEN_SRc(yfit_GREEM_SRc==NoData_Value) = NaN;
yfit RED SRc(yfit RED SRc==MNoData_Value) = NaN;
yfit NIR_SRc(wfit_NIR_SRc==NoData Value) = NaN;

filenamel? = 'SRs_BLUE_adjusted";
filenamel8 = 'SRs_GREEN_adjusted";
filename1l9 - ‘SRs_RED_adjusted';
filename2® = 'SRs_NIR_adjusted';

yFfit_BLUE_SRs(yfit_BLUE_SRs==NoData_Value) = NaN;
yfit_GREEN_SRs(yfil_GREEN SRs==NoData_Value} = MaM;
yfit RED SRs(yfit RED_SRs==NoData_Value) = NaN;
yFit NIR SRs({yfit NIR_SRs==MNoData_Value) = NaN;

if any(ismember(indx_sd]_out,3))

peotiffwrite(filenamel3,yfit_BLUE_SRc,Ref);
geotiffwrite{filenamels, yFit_GREEN_SRc,Ref);
geotiffwrite(filenamels, yFit_RED_SHc,Ref);
gectiffwrite(filenamels, yFit_NIR_SRc,Ref);

peotiffwrite(filenamel?,yfit_BLUE_SRs,Ref);
pectiffwrite(filenamels,yfit_GREEN_SRs,Ref);
peotiffwrite(filenamels,yfit_RED SHs, Ref);
peotiffwrite(filenameld,yFit_NIR_SRs,Ref);

end

% Vegetation indices using original SR data

filename2l = 'NDVI';
filename22 = 'OSAVI';
filename23d = 'SAVI®;
filename24 = "LAL";

269

SRc)



Filename25 = '#fc';
filenamels = 'NIWIs';
filenamed? = 'NIWIc';

NOWI{NDVI==NoData_Value} = NaN;
OSAVI (OSAVI==NoData Value) = Nah;
SAVI{SAVI==NcData_Value) = NaN;
LAT{LAT==NoData_\Walue) = NaM;
fo{fc==Nobata_Value) = Nal;
NDVIs({NDVIs==poData Value) = NaN;
NDVWIc(NDVIc==NoData Value) = NaN;

if any(ismember{indx_mdl out,4)}

geotiffurite(filename21,NOVI, Ref);
peotiffurite(filenaned?, OSAVT  Ref) ;
geotiffwrite!filenamedd, SAVI, Ref);
peotiffwrite{filenamedd, LAT  Ref);
geotiffurite(filenamels, o, Ref);
geotiffurite{filenamels, NOVIs, Ref)
peotiffuritefilenamel? NOVIc, Ref);

end

X Vegetation imdices using adjusted SR data

filenameld = ‘NOVI_adjusted";
filename?d = 'DSAVI_adjusted";
filename3® = 'SAVI_adjusted';
filename3l = 'LAI_adjusted’;
filenamed2 = 'fe_adjusted";

NIV ad(NIVI_adjesNoData Walue) = NaN;

DSAVI_adi(0SAVI_adj==NoData_Value) = Nah;

SaVI_adj{SAVI_adj==NoData Value) = Nah;
LAT_adi{LAT_adj==NoData_Value) = Nal;
Fo_adi(fc_adi==NoData_Value) = NaM;

if any(ismember{indx_mdl out,5))

geotiffwrite]filename2s NOVI_adj,Ref};
geotiffurite{filename2s, 05AVI_ad],Ref);
protiffwrite(filenameda, SAVI_adj,Ref);
geotiffwrite{filenamedl, LAT_adj,Ref);
geotiffwrite{filenamed2, fc_adj,Ref);

end
% Kp and Kv parameters

filename33d = 'kp";
Filenamedd = "kv';

kp{kp==Nolata Value) = Kah;
kw{kve==NoData Value) = KaN;

if any(ismember{indx_mdl_out,6))

peotiffwrite(filenamed3, kp, Ref);
gectiffwritelfilenamedd, kv, Ref);

end
end

toc
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Appendix D

The SI-111 IRT Data Correction Approach

The adjusted T data from the SI-111 IRT regarding surface emissivity and background effects is

calculated as follows (Eq. D1):

T54K — (1 —¢) -TA 1

T = sky (D1)

S

€s

where T is the adjusted 7, data (K); Tk is the nadir-looking unadjusted 7§ data (K); T, is the

sky temperature (K).

The T, variable is calculated as indicated by Eq. D2 below (Evangelisti et al., 2019):

1/4
Tsky = <€sky : T;LK) (DZ)

where T is the local air temperature (K) and €y, is the sky thermal emissivity (dimensionless).

The €, 1s calculated as indicated by Eq. D3 below (Berdahl and Martin, 1984):

Tew Tew ?
€sky = 0.711 4 0.56 - (1%0) +0.73 ( : ) (D3)

where T}, is the dew point temperature (°C).
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The Ty, is calculated as in Ham (2005) and presented by Eq. D4:

€q

)

€q

0.61121

In(
Tiew = 240.97 - 0.61121
17.502 — In(

(D4)

)

where e, is the actual vapor pressure (kPa).
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Appendix E

Data Collection Instrumentation

Table E1: Summary of primary sensors used at the LIRF research site.

Sensor Manufacturer Headquarters Uncertainty
5TE Decagon Devices, Inc. Pullman, WA, USA £3% in soils < 10 dS/m.
Mini Trase 6085 Soil Moisture Equipment Santa Barbara, CA, USA +2% full scale for 0 to 100% moisture.
MSR Cropscan, Inc. Rochester, MN, USA RGB: +2%. NIR: +1%. IRT: +£1%.
SI-111 IRT Apogee Instruments Logan, UT, USA +1% (0.2 °C; -10 °C to 65 °C).
HMP45C Hygrometer Vaisala Vantaa, Finland T, and RH: £1%.

03101-L Anemometer

RM Young Company

Traverse City, MI, USA

+1% or +0.50 m/s.

NR-Lite Kipp and Zonen Delft, the Netherlands +3% during daytime.
HFT3-L Radiation and Energy Balance, Inc. Bellvue, WA, USA +5% on average.
LI-7500DS LI-COR Lincoln, NE, USA Water vapor: +1%; 0 to 60 mmol/mol.

3D Sonic Anemometer

Gill Instruments

Lymington, Hampshire, UK

Wind: +1.5%; Temperature: +1%.

T107 Campbell Scientific, Inc. Logan, UT, USA +2% at 20 °C' or £0.4 °C'; -24 °C to 48 °C.
LI-190R and LI-191R LI-COR Lincoln, NE, USA +1% for f..
LI-200X LI-COR Lincoln, NE, USA +3% during daytime.
LAI-2200 LI-COR Lincoln, NE, USA +6% for solar noon readings.

TE525 Tipping Bucket

Texas Electronics

Dallas, TX, USA

+1% for rainfall < 50 mm/hr.

273



Table E2: Summary of primary sensors used at the IIC research site.

Sensor Manufacturer Headquarters Uncertainty
CS655 Campbell Scientific Inc. Logan, UT, USA +1% in soils < 10 dS/m.
CPN 503 DR Instrotek, Inc. Raleigh, NC, USA +0.24% at 24% per volume.
MSR Cropscan, Inc. Rochester, MN, USA RGB: £2%. NIR: +1%. IRT: £1%.
SI-111 IRT Apogee Instruments Logan, UT, USA +1% (0.2 °C; -10 °C' to 65 °C)).
HMP45C Vaisala Vantaa, Finland T, and RH: +1%.
03101-L Anemometer RM Young Company Traverse City, MI, USA +1% or +0.50 m/s.
NR-Lite and CNRO1 Kipp and Zonen Delft, the Netherlands

NR-lite: +3%; CNRO1: +10%. Daytime.

HFT3-L

Radiation and Energy Balance, Inc.

Bellvue, WA, USA

+5% on average.

LI-7500A

LI-COR

Lincoln, NE, USA

Water vapor: £2%; 0 to 60 ppt.

CSAT3 3D Sonic Anemometer

Campbell Scientific, Inc.

Logan, UT, USA

Wind: +0.3%; Temperature: +0.7%.

Logan, UT, USA

+2% at 20 °C or £0.4 °C’; -24 °C' to 48 °C.

Lincoln, NE, USA

+1% for f,.

Lincoln, NE, USA

+6% for solar noon readings.

Dallas, TX, USA

+1% for rainfall < 50 mm/hr.

Table E3: Summary of primary sensors used at the AVRC site.

Headquarters

Uncertainty

Logan, UT, USA

+1% in soils < 10 dS/m.

Riverside, CA, USA

+0.40% on average.

Raleigh, NC, USA

+0.24% at 24% per volume.

Rochester, MN, USA  RGB: £2%. NIR: £1%. IRT: +1%.

Logan, UT, USA

+1% (£0.2 °C; -10 °C' to 65 °C).

Vantaa, Finland

T, and RH: +£1%.

T107 Campbell Scientific, Inc.
LI-190R and LI-191R LI-COR
LAI-2200 LI-COR
TE525 Tipping Bucket Texas Electronics
Sensor Manufacturer
CS650* Campbell Scientific Inc.
253-L* Irrometer
CPN 503 DR Instrotek, Inc.
MSR16 Cropscan, Inc.
SI-111 IRT Apogee Instruments
HMP45C Vaisala
03101-L Anemometer ~ RM Young Company

Traverse City, MI, USA

+1% or £0.50 m/s.

Eppley PSP

Eppley Laboratory, Inc.

Newport, RI, USA

+2% during daytime.

LI-190R and LI-191R

LI-COR

Lincoln, NE, USA

+1% for f..

TES25 Tipping Bucket

Texas Electronics

Dallas, TX, USA

+1% for rainfall < 50 mm/hr.

s

CS650 data in 2021. 253-L data in 2020.
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